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Schizophrenia and bipolar disorder share some common clinical features and are both characterized by aberrant resting-state functional connectivity (FC). However, little is known about the common and specific aberrant features of the dynamic FC patterns in these two disorders. In this study, we explored the differences in dynamic FC among schizophrenia patients (n = 66), type I bipolar disorder patients (n = 53), and healthy controls (n = 66), by comparing temporal variabilities of FC patterns involved in specific brain regions and large-scale brain networks. Compared with healthy controls, both patient groups showed significantly increased regional FC variabilities in subcortical areas including the thalamus and basal ganglia, as well as increased inter-network FC variability between the thalamus and sensorimotor areas. Specifically, more widespread changes were found in the schizophrenia group, involving increased FC variabilities in sensorimotor, visual, attention, limbic and subcortical areas at both regional and network levels, as well as decreased regional FC variabilities in the default-mode areas. The observed alterations shared by schizophrenia and bipolar disorder may help to explain their overlapped clinical features; meanwhile, the schizophrenia-specific abnormalities in a wider range may support that schizophrenia is associated with more severe functional brain deficits than bipolar disorder. Together, these findings highlight the potentials of using dynamic FC as an objective biomarker for the monitoring and diagnosis of either schizophrenia or bipolar disorder.
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Introduction

Schizophrenia and bipolar disorder are two of the most disabling psychiatric disorders worldwide, which are often misdiagnosed in clinical practice because of their overlap in clinical features. These common features entail both cognitive deficits and psychotic symptoms including hallucinations, delusions, and disorganized thinking (1–3). Over the years, neuroimaging studies using resting-state functional magnetic resonance imaging (rs-fMRI) have provided evidence for both shared and distinct disturbances in brain functions, as characterized by aberrant resting-state functional connectivity (FC), in the schizophrenia and bipolar disorder (4–7). For instance, when compared with healthy subjects, over-connectivity between the thalamus and sensorimotor cortices was commonly found in both schizophrenia and bipolar disorder patients (4, 8). On the other hand, other unique abnormalities such as hypo-connectivity within frontal–parietal areas were shown only in schizophrenia but not bipolar disorder patients (7). Appreciably, these findings have significantly advanced our understanding of the complex relationship between these severe disorders.

Most previous rs-fMRI studies were performed under the assumption that patterns of brain FC are stationary during the entire scanning period. Yet, it has been newly proven that the brain FC fluctuates over time even during the resting-sate, implying that conventional static FC methodology may be unable to fully depict the functional architecture of brain (9, 10). Therefore, the “dynamic FC” has become a hot-spot in rs-fMRI studies to capture the temporal fluctuations of brain FC patterns during the scan (11). Notably, the dynamic features of FC have been associated with a wide range of cognitive and affective processes such as learning (12), executive cognition (13), psychological resilience (14), and emotion (15), as well as multiple common psychiatric and neurological disorders such as autism (16), Alzheimer’s disease (17), and major depressive disorder (18, 19). These findings thus highlight the importance of studying dynamic FC for further improving our understanding of both brain functions and dysfunctions.

Despite the accumulating knowledge on dynamic FC, it remains little known about if there are common and/or specific changes in dynamic features of FC in schizophrenia and bipolar disorder. To our knowledge, there have been only a limited number of efforts to date to differentiate schizophrenia and bipolar disorder by features of dynamic FC (20–22). Furthermore, all these studies mainly focus on the dynamic “connectivity state” changes based on the whole-brain FC profiles; therefore, although features of such global connectivity states have been reported to provide a high predictive accuracy in classifying schizophrenia and bipolar disorder (20–22), how these two disorders differ from each other in terms of dynamic connectivity profiles within particular brain regions or systems remains poorly understood, and needs to be further investigated.

The above concerns can be addressed by a novel approach, as proposed in some latest works (23, 24), to investigate dynamic FC by defining and comparing the temporal variability of FC patterns involved in specific brain regions or large-scale brain networks. This approach allows localization of those brain regions or networks showing significant group differences in FC variability, thus being helpful to identify aberrant dynamic FC patterns from the perspectives of both local and large-scale brain functional dynamics (24). In fact, using such an approach, the patients with schizophrenia have been recently found to show increased FC variabilities in sensory and perceptual systems (e.g. the sensorimotor network and thalamus) and decreased FC variabilities in high-order networks (e.g. the default-mode network) than healthy subjects at both regional and network levels (23). But to our knowledge, it remains unclear and needs to be tested whether these dynamic changes would be specific to schizophrenia, or shared with bipolar disorder.

Therefore, in this study, we aimed to explore the common and specific dynamic features of both local and large-scale resting-state FC, in terms of temporal variability, the schizophrenia and bipolar disorder. To reach this goal, groups of schizophrenia patients, bipolar disorder patients and healthy controls were recruited and scanned using rs-fMRI; applying a recently proposed novel methodological approach (23, 24), temporal variabilities of FC patterns were then compared among the groups at all the regional, intra-network, and inter-network levels. It was anticipated that our results would provide important complementary information to prior studies that mainly focused on the global dynamic FC states (20–22), and further improve our understanding about the relationship between schizophrenia and bipolar disorder from a dynamic brain functional perspective.



Materials and Methods


Subjects and Measurements

According to the Diagnostic and Statistical Manual of Mental Disorders-IV (DSM-IV) criteria, 78 patients with schizophrenia and 60 patients with type I bipolar disorder were recruited from the Second Xiangya Hospital of Central South University, Changsha, China; 69 age-, sex-, and education-matched healthy controls without any family history of psychiatric disorders were also recruited from the Changsha city. All participants were right-handed, Han Chinese adults with at least 9 years of education. All participants had no history of any substance abuse, any other neurological disorder, any contraindication to fMRI scanning or any history of electroconvulsive therapy. Because of excessive head motion (see Data Acquisition and Preprocessing), 12 schizophrenia patients, 7 bipolar disorder patients, and 3 healthy controls were excluded, and the final analyzed sample consisted of 66 schizophrenia patients, 53 bipolar disorder patients, and 66 healthy controls.

For the schizophrenia patients, severity of the current clinical symptoms was assessed using the Scale for Assessment of Positive Symptoms (SAPS) and the Scale for Assessment of Negative Symptoms (SANS) (25). For the patients with bipolar disorder, severity of the current mood and mania symptoms was assessed using the 17-item Hamilton Rating Scale for Depression (HAMD) (26) and the Young Mania Rating Scale (YMRS) (27), respectively. Dosages of antipsychotics in all patients were converted to chlorpromazine equivalence (28). In addition, all participants completed the Information (WAIS-I) and Digit Symbol (WAIS-DS) subtests of the Wechsler Adult Intelligence Scale (29), which measure two important domains of cognitive functions, verbal comprehension and processing speed, respectively (30, 31).

The study was approved by the Ethics Committee of the Second Xiangya Hospital of Central South University, and written informed consent was obtained from all participants.



Data Acquisition and Preprocessing

The details about brain imaging data acquisition and preprocessing can be found in one of our recently published studies (14). Briefly, rs-fMRI and T1-weighted structural images were scanned for each participant on a 3.0 T Philips MRI scanner (repetition time = 2,000 ms, echo time = 30 ms, slice number = 36, field of view = 240 × 240 mm2, acquisition matrix = 144 × 144, flip angle = 90°, and number of time points = 250 for rs-fMRI images; repetition time = 7.5 ms, echo time = 3.7 ms, slice number = 180, field of view = 240 × 240 mm2, acquisition matrix = 256 × 200, and flip angle = 8° for T1-weighted images). Data preprocessing was performed using the standard pipeline of the DPARSF software (32, 33), including discarding the first 10 volumes, slice timing, head motion realignment, brain segmentation, spatial normalization, temporal filtering (0.01–0.10 Hz), and regressing out nuisance factors including the Friston-24 head motion parameters (34) as well as white matter and cerebrospinal fluid signals. Global signal regression (GSR) was not performed as it is still a controversial preprocessing option in rs-fMRI studies (35). Subjects with excessive head motion were excluded from the analysis, as determined by a mean framewise-displacement (FD) (36) > 0.2 mm.



Temporal Variability of FC

After preprocessing, the mean time series were extracted from each of the 116 regions of interest (ROIs) in the Automated Anatomical Labeling (AAL) atlas (37), which was validated (38, 39) and widely used in functional neuroimaging studies (40, 41). The names of all the 116 ROIs were listed in Supplementary Table S1.

As shown in Figure 1, to characterize the temporal variability of FC, all the time series were segmented into n nonoverlapping time windows with a length of l. Within each time window, a 116 × 116 pairwise Pearson correlation matrix was calculated to represent the FC between each pair of ROIs within that window. The temporal variability of regional FC architecture in each ROI could then be estimated by computing the mean values of its dissimilarities among different windows. Briefly, temporal variability of the regional FC architecture in ROI k is defined by Equation (1):



where num is the number of time windows, and F(i, k) is the vector characterizing the FC architecture between ROI k and the whole brain within the ith time window (Figure 1) (19, 42, 43).




Figure 1 | The procedures for computing temporal variabilities of FC patterns. Refer to the section Temporal Variability of FC for details. FC, functional connectivity; ROI, region of interest.



The temporal variability of FC was further estimated at the network level following recently published procedures (23, 24, 44). First, all brain ROIs were assigned into 11 prior networks as defined in previous studies (45, 46), including the sensorimotor network, visual network, auditory network, default-mode network, frontoparietal network, cingulo-opercular network, salience network, attention network, subcortical network, thalamus, and cerebellum (see Supplementary Table S1 for details about the network assignments). Note that the thalamus and cerebellum were treated as two independent networks here, given that they were poorly defined into different networks as well as their special roles in the pathophysiologic mechanisms of psychotic disorders (23, 47, 48). The temporal variabilities of intra-network and inter-network FC architectures were then calculated among the above 11 networks. Similar with the regional FC variability for each ROI, the intra-network FC variability for a network m is defined by Equation (2):



where num is the number of time windows, and Fmi is the vector characterizing the FC architecture between all ROIs belonging to the network m within the ith time window (Figure 1); the inter-network variability of FC between two networks m and n is defined by Equation (3):



where num is the number of time windows, and F(i, m, n) is the vector characterizing the FC architecture between the networks m and n within the ith time window (Figure 1) (23, 24, 44).

To reduce the influences from window length and segmentation scheme, all the above temporal variabilities were calculated with a set of different window lengths (l = 21, 22, …, 30 volumes, equal to 42, 44, …, 60 seconds); moreover, a total of l – 1 times segmentations were performed for a given window length l, and each time the segmentation was started from the sth time point (s = 1, 2, …, l – 1) (42). The final values of temporal variabilities were obtained by averaging all of these values. Note that such a selection of window lengths has been used in previous studies, and was suggested to be optimal for producing robust results (49, 50). As the result, in each subject, we finally obtained the temporal variabilities of regional FC for each of the 116 ROIs, intra-network FC for each of the 11 networks, and inter-network FCs for each possible pair of networks. All these values of temporal variabilities range from 0 to 2, and a higher value suggests a higher variability.



Statistics

The demographic and clinical characteristics as well as mean FD were compared between groups using the two-sample t-test, Chi-square test or analysis of variance. Differences were considered significant at p < 0.05.

The temporal variabilities of FC patterns were compared between groups at all the regional, intra-network, and inter-network levels. The group differences were determined the by following statistic steps (49): 1) the analysis of covariance (ANCOVA) covarying for age, sex, education, and head motion (mean FD) was firstly applied to detect the significant main effect, with no multiple comparison corrections performed here for numbers of ROIs/networks considering the relatively small sample size; 2) post-hoc pairwise comparisons were adopted between all possible pairs of groups when the main effect was significant (p < 0.05); 3) the Bonferroni correction was applied to control the false-positive rate for multiple tests within the ANCOVA, and the groups differences were considered significant at corrected-p < 0.05.

For all the detected significant between-group differences, we further explored their possible relationships with the clinical and cognitive variables using Spearman’s rank correlation coefficient. Here, they were correlated with the illness duration, chlorpromazine equivalence, SAPS scores, SANS scores, HAMD scores, YMRS scores, WAIS-I scores, and WAIS-DS scores in both the entire sample and each group separately. The correlations were considered significant at p < 0.05.



Supplementary Analyses

A number of supplementary analyses were performed to validate our findings. First, we repeated the whole analyses without the GSR, to see if the results would change without such a controversial preprocessing step. Second, to evaluate whether the results were affected by unmatched clinical characteristics between groups, the whole analyses were repeated within a subset of 48 schizophrenia patients, 30 bipolar disorder patients, and 56 healthy controls, where the illness duration and antipsychotic dosage were matched between the schizophrenia and bipolar disorder groups (see Supplementary Table S4 for demographic and clinical characteristics of each group in the subset).




Results


Demographic, Clinical, and Head Motion Characteristics

As shown in Table 1, there were no significant differences among the three groups in age, sex, and education (all p > 0.05). Shorter illness durations but higher antipsychotic doses (both p < 0.001) were observed in the schizophrenia patients compared with the bipolar disorder patients. Both the schizophrenia and bipolar disorder groups showed significantly lower WAIS-I and WAIS-DS scores (all p < 0.05, LSD post-hoc comparisons) compared with healthy controls, while there was no significant difference between the schizophrenia and bipolar disorder patients in WAIS-I and WAIS-DS scores. There was no significant difference among the three groups in head motion as measured by mean FD (F = 2.066, p = 0.130).


Table 1 | Demographic, clinical, and head motion characteristics of the three groups.





Differences in Temporal Variability of Regional FC

As shown in Supplementary Table S2 and Figure 2, for temporal variability of the regional FC, both the schizophrenia and bipolar disorder patients showed significantly higher variabilities in a number of subcortical ROIs, including the left thalamus and regions of the basal ganglia (putamen/pallidum) compared with healthy controls; the schizophrenia patients additionally showed significantly higher variabilities for a number of ROIs located in the sensorimotor (precentral gyrus and postcentral gyrus), attention (inferior parietal lobule), and limbic (hippocampus and amygdala) areas than healthy controls, as well as a significantly lower variability in the superior frontal gyrus (medial orbital) than healthy controls and a significantly lower variability in the posterior cingulate gyrus than bipolar disorder patients (all corrected-p < 0.05).




Figure 2 | Group differences in the temporal variabilities of regional FC patterns. The error bars present the 95% confidence intervals, and the marks “*” indicate significant between-group differences with corrected p < 0.05. AMYG, amygdala; FC, functional connectivity; HIP, hippocampus; IPL, inferior parietal lobule; L, left hemisphere; ORBsupmed, superior frontal gyrus (medial orbital); PAL, pallidum; PCG, posterior cingulate gyrus; PoCG, postcentral gyrus; PreCG, precentral gyrus; PUT, putamen; R, right hemisphere; THA, thalamus.





Differences in Temporal Variability of Intra- and Inter-Network FC

As shown in Supplementary Table S3 and Figure 3, for temporal variabilities of the intra-network FC within particular networks and inter-network FC between particular pairs of networks, both the schizophrenia and bipolar disorder patients showed a significantly higher variability for inter-network FC between the sensorimotor network and thalamus compared with healthy controls; the schizophrenia patients additionally showed significantly higher variabilities of both intra-network and inter-network FC than healthy controls for several networks and pairs of networks, which mainly involved the sensorimotor, visual, and subcortical (including the thalamus) networks (all corrected p < 0.05).




Figure 3 | Group differences in the temporal variabilities of intra-network and inter-network FC patterns. The error bars present the 95% confidence intervals, and the marks “*” indicate significant between-group differences with corrected p < 0.05. AUD, auditory network; DMN, default mode network; FC, functional connectivity; SAL, salience network; SM, sensorimotor network; SUB, subcortical network; THA, thalamus; VIS, visual network.





Correlations

As shown in Figure 4, in the entire sample, a significant negative correlation was found between temporal variability of inter-network FC between subcortical and auditory networks and the WAIS-DS scores (Spearman’s rho = −0.173, p = 0.019, uncorrected). Moreover, as shown in Figure 5, in the group of schizophrenia patients, significant correlations were found between temporal variability of regional FC for left hippocampus and the SANS scores (Spearman’s rho = 0.330, p = 0.007, uncorrected for multiple tests), as well as between temporal variability of the inter-network FC between subcortical and auditory networks and the WAIS-I scores (Spearman’s rho = −0.286, p = 0.020, uncorrected for multiple tests). No significant correlations were found in the groups of healthy controls and bipolar disorder patients (p > 0.05).




Figure 4 | Correlation between the temporal variability of inter-network FC between subcortical and auditory networks and the WAIS-DS scores in the entire sample. The Spearman’s correlation coefficients (ρ) and p values are presented on figures. FC, functional connectivity; WAIS-DS, Digit Symbol Subtest of the Wechsler Adult Intelligence Scale.






Figure 5 | The detected significant correlations in schizophrenia patients. (A) Correlation between the temporal variability of regional FC for left hippocampus and the SANS scores. (B) Correlation between the temporal variability of inter-network FC between subcortical and auditory networks and the WAIS-I scores. The Spearman’s correlation coefficients (ρ) and p values are presented on figures. FC, functional connectivity; SANS, Scale for Assessment of Negative Symptoms; WAIS-I, Information Subtest of the Wechsler Adult Intelligence Scale.





Supplementary Analyses

As shown in Supplementary Tables S5–S7, similar results were obtained when repeating the whole analyses with GSR, and repeating the whole analyses within a subset where the illness duration and antipsychotic dosage were matched between two patient groups: both the schizophrenia and bipolar disorder patients still showed significantly increased regional FC variabilities in subcortical areas, as well as increased inter-network FC variability between the sensorimotor cortices and thalamus; moreover, some specific significant changes were found to present only in the schizophrenia group (although within the subset, changes in the schizophrenia group were found in a smaller range compared to those found in the entire sample).




Discussion

In this study, we explored the common and specific changes in dynamic local and large-scale resting-state FC, as characterized by altered temporal variabilities, across the schizophrenia and bipolar disorder. Our results provide some innovative findings on the dynamic functional architecture of the brain for these two severe mental disorders: firstly, we found that both the schizophrenia and bipolar disorder patients showed increased regional FC variabilities in a number of subcortical areas involving the thalamus and regions of basal ganglia, as well as increased inter-network FC variability between the sensorimotor cortices and thalamus; secondly, some specific abnormalities were found to present only in the schizophrenia group, at both regional and network levels in a wider range. These findings provide valuable information for improving our insight into the neuropathology of these disorders from a dynamic brain functional perspective.

Our first important finding is that both the schizophrenia and bipolar disorder patients exhibited similar increased temporal variabilities of local FC in the thalamus (Figure 2), as well as of inter-network FC between the thalamus and sensorimotor cortices (Figure 3). It is noteworthy that shared neural disturbances in thalamo-cortical communications across schizophrenia and bipolar disorder, as characterized by similar over-connectivity between the thalamus and sensorimotor regions, have been repeatedly reported in several previous conventional static rs-fMRI studies (3, 4). Our results, therefore, may extend such findings to the context of dynamic resting-state FC for the first time to our knowledge. The thalamus is known as a “relay station” for almost all motor and sensory information flow from and to the cortex, where the information is further processed for high-order brain functions (3, 51). Specifically, aberrant communications between the thalamus and sensorimotor network were presumed to reflect a sensory gating deficit which leads to abnormal sensory information flow through the thalamus to the cortex (4, 48, 52). The observed increased temporal variability of thalamo-sensorimotor connectivity could thus point to such a sensory gating deficit, as abnormally increased temporal variability of FC was suggested to reflect excessive fluctuations in brain activities and inappropriate processing of information (23). As notably reported in both the schizophrenia and bipolar disorder patients (53–55), the sensory gating deficit has been suggested to partly underlie the cognitive and perceptual symptoms in the disorders (3, 56). Therefore, our dynamic FC findings may further support the hypothesis that thalamo-sensorimotor connectivity disturbances and sensory gating deficits are common neurobiological features shared by schizophrenia and bipolar disorder (4, 53).

In the present study, we also found that both the schizophrenia and bipolar disorder patients showed increased local FC variability in regions of the basal ganglia (putamen and pallidum) (Figure 2). The basal ganglia is a group of subcortical nuclei (putamen, pallidum, caudate nucleus, substantia nigra, and subthalamic nucleus) that involves a variety of brain functions such as motor control, learning, and execution (57). The functional and structural abnormalities of basal ganglia have been widely reported to be associated with psychotic symptoms such as delusions in schizophrenia patients (58–60), and also present in psychotic bipolar disorder patients (61). Therefore, our findings of such shared alterations in the basal ganglia may be reflective of common functional deficits in both the schizophrenia and bipolar disorder. These findings, together with the observed shared alterations in the thalamo-sensorimotor circuit, may partly help to explain the overlap clinical features in these two disorders.

Besides the above shared alterations in both patient groups, some specific alterations in a much wider range were found to present in only the schizophrenia patients. These include widespread increased FC variabilities at both regional and network levels, involving the sensorimotor, visual, attention, limbic, and subcortical areas, as well as decreased regional FC variability in a number of areas comprising the default-mode network such as posterior cingulate gyrus and superior frontal gyrus (medial orbital part) (Figures 2 and 3). Generally, these results are highly consistent with the findings from another recent study (23), which reported that schizophrenia patients had significantly increased FC variabilities in sensory and perceptual systems (including the sensorimotor network, visual network, attention network, and thalamus) and decreased FC variabilities in high-order networks (including the default-mode and frontal–parietal networks) than healthy subjects at both regional and network levels. Moreover, these alterations were found to be related to patients’ clinical symptoms and cognitive deficits (or relations found in the entire sample) both in the present study (Figures 4 and 5) and prior research (23). Therefore, our results further support the recent opinion that such widespread aberrant dynamic brain network reconfigurations may constitute a potential reliable biomarker for schizophrenia, suggestive of impaired abilities in processing inputs in sensory/perceptual systems and integrating information in high-order networks, which may underlie the perceptual and cognitive deficits in schizophrenia (23, 62). As for the bipolar disorder patients in the present study, FC variabilities in these regions and networks did not differ significantly from either of the other groups, which fell in the intermediate range between those of healthy controls and schizophrenia patients (Figures 2 and 3). Thus, we propose that our findings may offer support for the hypothesis of a psychosis continuum between schizophrenia and bipolar disorder, with more severe brain deficits and disabling symptoms in schizophrenia compared to bipolar disorder (63, 64); moreover, changes in dynamic FC may serve as objective biomarkers for such differences in neuropathology between these two disorders. However, future investigation with a larger sample size and a higher statistical power is required to confirm if these changes would be significant in patients with bipolar disorder, as compared to healthy controls and schizophrenia patients.

There are several issues for the present study and future research directions which should be noted. First, as mentioned before, our sample size is relatively small and the results should be further verified in future work with a larger sample to increase the reliability and statistical power (65). Second, the illness duration and doses of antipsychotics were not matched between the schizophrenia and bipolar disorder groups; moreover, the records of illness episode and age of onset were unavailable for patients. For better excluding the confounding effects of clinical distinctions on our findings, we have repeated the analyses in a subset of our sample in which the illness duration and antipsychotic dosage were matched between two patient groups and found similar results, suggesting that the observed group differences are unlikely to be mainly driven by medications or long-term hospitalizations. Despite this, however, further studies using first-episode, drug-naïve samples are warranted to exclude possible effects of all these clinical factors. Third, a number of previous studies have pointed out that the psychotic bipolar disorder may be a special phenotype from non-psychotic bipolar disorder (66, 67). In the current sample, the records of psychotic symptom histories are unavailable for most bipolar disorder patients. Future studies are necessary to replicate our results and to compare between psychotic and non-psychotic bipolar disorder patients. Fourth, although it has been proven to be reliable for analyzing the intra- and inter-network dynamic FC (39), the AAL atlas only provides a relatively coarse parcellation. However, some key brain structures such as the thalamus could be subdivided into more precise subregions with different FC patterns (47, 68). Thus, future studies to investigate the temporal variability of dynamic FC with finer parcellation schemes would further improve our understanding of its important role in differentiating schizophrenia and bipolar disorder.

In conclusion, we explored the common and specific changes in dynamic features of FC, as characterized by temporal variabilities of FC patterns involved in specific brain regions or large-scale brain networks, in schizophrenia and bipolar disorder patients. We found that both the schizophrenia and bipolar disorder patients showed significantly increased regional FC variabilities in subcortical areas including the thalamus and basal ganglia, as well as increased inter-network FC variability between the sensorimotor cortices and thalamus. More widespread significant alterations were found to present in only the schizophrenia group, including increased FC variabilities in the sensorimotor, visual, attention, limbic, and subcortical areas at both regional and network levels, as well as decreased regional FC variability in the default-mode areas. The observed alterations shared by schizophrenia and bipolar disorder may help to explain their overlap clinical features; meanwhile, the schizophrenia-specific abnormalities in a wider range could potentially support the hypothesis of a psychosis continuum between schizophrenia and bipolar disorder, that schizophrenia is associated with more severe functional brain deficits compared to bipolar disorder. Together, these findings highlight the potentials of using dynamic FC as an objective biomarker for the monitoring and diagnosis of either schizophrenia or bipolar disorder.
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Background

A large amount of evidence has indicated an association between depression and HIV risk among men who have sex with men (MSM), but traditional questionnaire-based methods are limited in timely monitoring depressive emotions with large sample sizes. With the development of social media and machine learning techniques, MSM depression can be well monitored in an online and easy-to-use manner. Thereby, we adopt a machine learning algorithm for MSM depressive emotion detection and behavior analysis with online social networking data.



Methods

A large-scale MSM data set including 664,335 users and over 12 million posts was collected from the most popular MSM-oriented geosocial networking mobile application named Blued. Also, a non-MSM Benchmark data set from Twitter was used. After data preprocessing and feature extraction of these two data sets, a machine learning algorithm named XGBoost was adopted for detecting depressive emotions.



Results

The algorithm shows good performance in the Blued and Twitter data sets. And three extracted features significantly affecting the depressive emotion detection were found, including depressive words, LDA topic words, and post-time distribution. On the one hand, the MSM with depressive emotions published posts with more depressive words, negative words and positive words than the MSM without depressive emotions. On the other hand, in comparison with the non-MSM with depressive emotions, the MSM with depressive emotions showed more significant depressive symptoms, such as insomnia, depressive mood, and suicidal thoughts.



Conclusions

The online MSM depressive emotion detection using machine learning can provide a proper and easy-to-use way in real-world applications, which help identify high-risk individuals at the early stage of depression for further diagnosis.





Keywords: depressive emotion detection, men who have sex with men, behavior analysis, Blued, Twitter



Introduction

Depression is a prevalent but potentially treatable health problem and is a leading cause of disability worldwide, with more than 264 million people affected (1). Depressed people have various symptoms of depression manifested by distinguishing behaviors, such as persistent sadness, loss of interest, changes in appetite, low concentration, sleep problems, feelings of guilt or hopelessness, decreased energy, suicidal thoughts, etc. This emotional disturbance not only affects daily functions but also increases the global burden.

Men who have sex with men (MSM) are disproportionately affected by and infected with HIV/AIDS (2). Suffering from disproportionate rates of stigma and discrimination (3, 4), MSM experience remarkably poorer mental health (5). And evidence has demonstrated that HIV risk (6–9), amphetamine-type-stimulants (ATS) use and homosexuality-related stigma (10), and sexual risk behaviors (11, 12) are associated with depression among MSM population. Therefore, it is of crucial importance to develop reliable and efficient methods for detection and early warning of the depressive emotions or mental health among MSM population, and enable those suffering from depression to be more proactive about their mental health.

Current scales to assess depression have included: Beck’s Depression Inventory (BDI) (13) with 21 questions about users’ mental and physiological states; Beck Depression Inventory Fast-Screen (BDI-FS) (14), CES-D Scale (15) with 20 questions about mental conditions such as users’ feelings of guilt and sleep conditions; the Patient Health Questionnaire-9 (PHQ-9) (16) with nine questions about depressive symptoms, such as little interest and suicidal thoughts. In addition, the Diagnostic and Statistical Manual of Mental Disorders (DSM) (17) provides standard criterion for diagnosing depression and describes nine kinds of depressive indicators, such as depressed mood and diminished interest, etc. Although these methods have achieved effectiveness for depression diagnosis, the aforementioned criteria may not comprehensively cover newly emerging depressive behaviors and symptoms as the symptoms of depressive disorders evolve over time. n addition, people are somehow ashamed or unaware of depression such that more than 70% of people in the early stage of depression do not consult psychological doctors, and their conditions were deteriorated (18).

On the other hand, social media platforms have become an indispensable part of everyday life for MSM and others. Studies have revealed that it is possible to monitor mental health and predict depression via social media (19, 20). Automated analysis of social media potentially provides methods for early detection of depression (21). As a preliminary research, Park et al. (22) explored the use of language in describing depressive moods using real-time moods captured from Twitter users; they then explored the depressive behaviors of 14 active Twitter users through face-to-face interviews (23). Predictive models, which use features or variables that have been extracted from social media data, have achieved many successes in identifying depression via social media. For example, commonly extracted and used features include user profile, linguistic signals, sentiment, social network, social interaction, domain-specific features, time of posts, and so on (24–27). Features are then treated as independent variables in an algorithm, such as support vector machine (SVM) (28, 29), naive Bayes methods (30), random forest (31), multi-model depressive dictionary learning model (MDDL) (18), etc. Deep learning models, which have recently achieved outstanding results in many classification tasks due to their ability to learn complex non-linear functions, have also been applied in detecting depression by feeding n-gram features or word embedding of social media data as model input (32, 33). However, deep learning models generally lack interpretability and transparency in the feature extraction and decision processes, limiting their value in clinical diagnosis (34, 35). In addition to using constituent learning algorithms alone, ensemble methods, which can obtain better and consistent predictive performance, have attracted much attention in the community. For example, the Inverse Boosting Pruning Trees (IBPT), based on the AdaBoost algorithm, demonstrated a strong depression classification ability among Twitter users (25).

With massive user-generated content, social media provide a means for capturing depressive behavioral attributes relevant to an individual’s thinking, mood, communication, activities and socialization (36). The emotion and language used in social media postings may indicate feelings of worthlessness, guilt, helplessness, and self-hatred that characterize depression or high risk of depression (29). The analysis of social networking data, thus, potentially provides methods for early detection of depression (21). Therefore, in this study, we aim to predict multidimensional depressive emotions among MSM through social media with machine learning methods, which can achieve early detection of depressive emotions, and then complement and extend traditional approaches to diagnose depression. To predict depressive emotions for depression detection, we collect massive social networking data from the most popular MSM-oriented geosocial networking mobile application named Blued, and adopt a decision tree-based ensemble machine learning algorithm named XGBoost, which has been widely applied in various classification tasks with outstanding performance and can provide explainable results. In addition, we comprehensively evaluate the classification capability of XGBoost algorithm on a publicly accessible Twitter data set (18), and compare the differences in online behaviors between MSM with depressive emotions (depressed MSM) and MSM without depressive emotions (non-depressed MSM) and the differences between depressed MSM and non-MSM with depressive emotions (depressed non-MSM).



Materials and Methods


Data Sources

Regarding MSM and non-MSM populations, we constructed two main databases: Blued database and Twitter database, representing MSM users and non-MSM users, respectively. Blued is the largest gay social networking application in the world with over 40 million registered users. Twitter is a popular social networking platform with over 300 million active users per month and 500 million tweets per day. Blued is mainly used for seeking partners and dating, and Twitter is mainly used for social purposes and information consumption.

To predict depressive emotions (depressed or non-depressed), we need to get a batch of labeled depression and non-depression data sets to train the classification model. Also, to expand the size of depressed users, we construct an unlabeled data set named depression-candidate data set for depressive emotion detection and for behavior analysis. For each user, we obtain the profile information and an anchor post to infer the mental state. An anchor post is a post that can help identify whether or not a user has severe depressive emotions which indicate depression. Considering that each user might have published a number of posts related to depression identification, we select only one post as the final anchor post to construct our data sets. For depressed users, we select their first anchor post to ensure timely depressive emotion detection; and for depression candidates, we select their last anchor post to cover more posts for depressive emotion detection. According to clinical experience, an observation period is required for depression diagnosis; therefore, users’ posts published within one or two months before the anchor post were also obtained. Finally, our data sets contain the users’ profile information, an anchor post for each user, and all the other posts published within one or two months before the anchor post.


Blued Database

Targeting the MSM community, we designed elaborate crawlers via Scrapy, a fast web-crawling framework, to collect public social networking records from Blued. We collected about 13 million posts on Blued, concerning 664,335 users (a sub sample from Blued). These posts were published from 1st January 2012 to 31st March 2019 and saved in a local MongoDB database. To make depressive emotion detection, the Blued database was divided into three parts:

(1) Depression Data Set B_D1: Users were labeled as depressed if their anchor posts indicated that they were diagnosed with depression, and they had suicidal thoughts, e.g. “I have depression; I want to suicide!” Posts published within two months before the anchor post of the users were included in this data set.

(2) Non-Depression Data Set B_D2: Users were labeled as non-depressed if they had never posted any posts containing the character string “depress.” As the Blued data set collected in this paper contains 664,335 active users and about 13 million posts, we select the posts published from 1st February 2019 to 31st March 2019.

(3) Depression-candidate Data Set B_D3: To expand the sample size of depressed MSM users, we constructed an unlabeled large data set. Users were identified as depression candidates if their anchor posts loosely contained the character string “depress.” Posts that published within two months before the anchor post of the users were included in this data set.



Twitter Database

To get non-MSM samples for comparison, we obtained a publicly available large-scale benchmark Twitter database (18, 37), which is also used in this paper to validate the performance of the XGBoost algorithm. The Twitter database contains three data sets:

(1) Depression Data Set T_D1: Users were labeled as depression if their anchor tweets satisfied a strict pattern “(I’m/I was/I am/I’ve been) diagnosed depression.” Tweets published within one month before the anchor tweet were included in this data set.

(2) Non-Depression Data Set T_D2: Users were labeled as non-depressed if they had never posted any tweet containing the character string “depress.” Tweets published on December 2016 of these users were selected in this data set.

(3) Depression-candidate Data Set T_D3: Based on the tweets in December 2016, users were selected as depression candidates in this unlabeled data set if their anchor tweets loosely contained the character string “depress.”




Data Description

To further clean the MSM data set, we removed noisy samples from the Blued database for which the number of postings was less than five. Inspired by the work of Shen et al. (18), we also removed accounts that had 15,000 or more followers, which may be organizations or bots. Then we manually checked whether the user was MSM according to his posting content, and removed the samples of non-MSM users. Finally, we obtained 346 depressed MSM users, 8,552 non-depressed MSM users, and 2,627 depression candidates. On the other hand, to construct a non-MSM data set based on the Twitter database, we removed 815 accounts, whose tweets satisfied the strict pattern “(I’m/I was/I am/I’ve been) gay.” Then, we obtained 2,364 depressed non-MSM users, 5,041 non-depressed non-MSM users, and 44,536 depression candidate non-MSM users.

As presented in Table 1, the Blued database contains 11,525 users and 237,927 posts, and the Twitter database contains 51,101 users and 41,461,047 tweets. The time range of posts on Blued database is two months, while the time range of tweets on Twitter database is one month. It shows that Twitter users were more active online than Blued users, such that a Twitter user published 798.2 tweets per month but a Blued user only published 10.3 posts per month.


Table 1 | Description on the Blued and Twitter data sets.





Data Preprocessing

Before feature extraction, data preprocessing is necessary since there are flexible and variant words in the raw data of social media. To deal with the difficulties in word matching and semantic analysis, we carried out the following data preprocessing procedures on the two data sets:

	Emoji processing. Emojis are incompatible with many text processing algorithms, so we removed the useless emojis from the emoji library (see Additional file 1), and then counted emoticons (emojis with sentiment characteristics) separately.


	Topics processing. Many posts contain particular topic tags, which are noisy for word matching and text processing. Topic tags are published between two “#” in Blued, e.g. “#love#.” and for Twitter, topic tags are published with one “#” like “#love.” Therefore, we removed all topic tags contained in posts, and then counted the number of topic tags separately.


	Mention processing. There are many mention marks in the texts of posts, e.g. “@someone”; thus; we removed all such character strings, and counted the times of mentions separately.


	Stemming. We used the stemming algorithm of the Scikit-learn module in Python to unify word representations. For example, “am/is/are/was/were” should be represented as “be” uniformly.


	Word segmentation. Unlike English texts, Chinese texts should be segmented into words before text analysis. The word segmentation processing was done using the Jieba module in Python.


	Filtering stop-words. We removed stop-words from the posts, for example, “a” and “an.” The stop-words in Chinese were filtered using the Jieba module in Python after word segmentation. English stop-words were removed by the Scikit-learn module in Python.






Feature Extraction

Using references from the psychological and behavioral sciences (18, 25), we finally defined and extracted 19 features based on the Blued and Twitter data sets (see Table 2), and classified them into four feature groups to describe multidimensional characteristics of users. As presented in Table 2, user-level features were extracted from the Blued users and Twitter users, and post-level features were extracted from the posts on Blued (two-month period) and the tweets on Twitter (one-month period).


Table 2 | Features used in the XGBoost model.




User Profile Features

In this paper, three different user profile features are defined: the numbers of followings and followers describe the online egocentric social networks of users during their accounts’ lifetime; and listNum is the number of interested groups/lists that the user participated in.



Social Interaction Features

Based on the number of posts (postNum), we obtained the number of times for which each post was favored (favorNum) and reposted/retweeted (repostNum) by other users, the number of topics mentioned in each post (topicNum), and the number of times a user was mentioned in others’ posts (mentionNum), to describe the interaction behaviors among users. In addition, the time distribution of postings (timeDist) was collected to characterize the active time of users on social networks.



Emotion Features

There are many differences in emotional status between depressed users and non-depressed users; thus, emotional features are beneficial for depressive emotion detection. We counted the numbers of positive words (posWordNum) and negative words (negWordNum) in each post. These positive and negative words in English and in Chinese are extracted by the Scikit-learn module in Python and dictionary-based methods, respectively. The number of emoticons (emoNum) from the posting content was counted as well as the numbers of positive emoticons (posEmoNum) and negative emoticons (negEmoNum). Six volunteers voted on the sentiment (positive, negative, and neutral) of the emoticons, as shown in Additional file 1.



Linguistic Features

With respect to the content characteristics of users’ postings, firstly, the topics expressed by depressed users and non-depressed users are likely to differ significantly. Therefore, we applied the unsupervised latent Dirichlet allocation (LDA) model to extract 15 salient LDA topic words (LDATopicWords) from users’ posts. Second, there are some domain-specific features from depressed users, such as the number of antidepressant drug names (antidepressNum) and the number of depressive words which containing the character string “depress” (depressWordNum). The names of the antidepressants in Chinese and in English are presented in Additional file 2. Finally, the media types of posts were also collected, such as the numbers of pictures (picNum) and videos (videoNum).




Classification Method

Let D ={(xi, yi)}(|D| = n, xi ϵ Rn,yi ϵ Rn) represents a data set with n examples and m features. The classification method aims to find a relationship between an input X = {x1, x2,…, xN,} and an output Y. In our case, we determined whether a user was depressed based on four feature groups, and we aimed to determine the best combinations of features that would show the most predictive power in this binary classification. We used the XGBoost (eXtreme Gradient Boosting) (38) algorithm for this purpose, which is a well-designed gradient-boosted decision tree (GBDT) (39) algorithm that has demonstrated its state-of-the-art advantages in scientific research for machine learning and data mining. XGBoost belongs to a group of widely used tree learning algorithms, which do not require linear features or linear interactions between features. A decision tree allows for making predictions on an output variable based on a series of rules arranged in a tree-like structure. In this paper, all users (samples) were described by the set of 19 features that were classified into four groups. The XGBoost algorithm was implemented on the training data sets (D1 and D2) using the Scikit-learn Python (40) libraries for machine learning processes. To prevent overfitting and to make a good assessment of model validity, we employed a stratified five-fold cross validation to conduct the experiments with 12 randomized experimental runs in order to reduce variance.


Experiment Setting

The optimal values of parameters for the XGBoost algorithm were carefully tuned by a grid search with small but adaptive step size to enumerate the classification accuracy rates in different XGBoost parameter settings. We choose six estimator values of 50, 100, 200, 300, 400, and 500, five minimum child weight values of 1, 2, 3, 4, and 5, and five regularization alpha values of 1e-5, 1e-3, 1e-2, 0.1, and 1. The search ranges for learning rate, maximum tree depth, subsample and colsample_bytree were [0.05,0.2], (3, 11), [0.5,1] and [0.5,1], respectively. We carefully tuned the parameters of the XGBoost algorithm to obtain the best performance, the final XGBoost model parameter settings are described in Table 3.


Table 3 | Parameters of XGBoost model for the Blued and Twitter data sets.





Metrics

We evaluate the detection performance of XGBoost using four widely used metrics, i.e. accuracy, macro-averaged recall (Recall), macro-averaged precision (Precision), and macro-averaged F1 score (F1 score). For the classification task in this paper, the terms true depressed, true non-depressed, false depressed and false non-depressed compare the results of the classifier.

These four metrics can be counted by the following formulas:

	

	

	

	





Results

We first validated the effectiveness of the XGBoost model on the labeled Blued data sets (B_D1 and B_D2) and Twitter data sets (T_D1 and T_D2) and compared the importance of each extracted feature for the model. Next, we applied the trained XGBoost model to the unlabeled depression-candidate data sets (B_D3 and T_D3), in order to obtain a large number of depressed users. Finally, based on the massive social networking data of MSM and non-MSM users, we analyzed the differences in online behaviors between depressed MSM and non-depressed MSM, as well as the differences between depressed MSM and depressed non-MSM.


Model Performance

The classification accuracy rates on the Blued and Twitter data sets are displayed in Table 4. It can be seen that the XGBoost achieved outstanding performance on both the Blued data sets and the Twitter data sets. Given that certain online behavior characteristics and patterns of users can be found on online social networks, similar characteristics might be found on different kinds of social networks. The high performance on both the Blued data set and the Twitter data set also indicates that depressive emotion detection methods via online behavioral feature learning techniques possess strong applicability and generality for different social networking platforms. Thus, other sources of online social networks, such as Facebook and Instagram, would also provide multidimensional online information for depressive emotion detection.


Table 4 | Classification performance of the XGBoost algorithm on the Blued and Twitter data sets.



In order to study the effectiveness of different feature combinations, we then constructed an experiment to feed our model with one feature group removed each time based on the Blued data sets. Specifically, we first used all feature groups, denoted as XGB. We then removed the four feature groups separately and denoted them as XGB-U (for removing user profile features), XGB-S (for removing social interaction features), XGB-E (for removing emotion features) and XGB-L (for removing linguistic features), respectively. From the results shown in Figure 1, we can see that the XGB-L performed worse than the others, indicating that linguistic features are more significant than the other feature groups. Furthermore, the social interaction features also contribute much to the performance, which shows that depressed users usually have different social networking behaviors.




Figure 1 | Performance comparison of different feature combinations in the Blued data sets.





Feature Importance

Feature importance gives a score for each feature of our data, and the higher the score, the more important or relevant the feature is towards the output (depressive emotion detection result). In this paper, the feature importance of each feature in the XGBoost algorithm is a fraction of the number of times the feature was used to split the data across all decision trees among the number of times all features are used to split the data across all decision trees. Figure 2 shows the importance of each feature in the XGBoost model for classification on the Blued data sets (B_D1 and B_D2) and Twitter data sets (T_D1 and T_D2). The three most important features in both Blued and Twitter data sets are depressWordNum, LDATopicWords and timeDist, which held about 84% of feature importance in total. It suggests that these three features are more significant than other features in reflecting the different online behaviors of depressed users and, thus, contribute most to depressive emotion detection.




Figure 2 | Feature importance of XGBoost algorithm in the Blued and Twitter data sets.



There are a number of differences in feature importance between Blued and Twitter data sets. The most crucial feature in Blued was depressWordNum, which comprised nearly half of feature importance, however, in Twitter, depressWordNum only held less than 20% of feature importance. There is an obvious difference in the usage of depressive word between depressed and non-depressed Blued users, such that each depressed Blued user in B_D1 has published at least one post that contained the character string “depress” and 99.2% of non-depressed Blued users in B_D2 have never published depressive words. Different from the depressed Blued users, 7.18% of depressed Twitter users in T_D1 have never posted depressive words and 81.4% of non-depressed Twitter users in T_D2 have never published depressive words. Affected by the outstanding classification power of depressWordNum, the LDATopicWords became the second crucial feature in Blued but held about a half of feature importance in Twitter, though the difference between depressed and non-depressed users are similar in Blued and Twitter data sets (see Figure 4). The feature importance of timeDist is larger in Twitter than in Blued, which can be explained by the more obvious differences observed between depressed and non-depressed users in Twitter, as shown in Figures 3A, D.




Figure 3 | Online behavior characteristics of depressed and non-depressed users for MSM population on Blued (top row) and non-MSM population on Twitter (bottom row). (A, D): active time comparison; (B, E): posting custom of each post with regard to five representative behaviors; (C, F): distributions of user profile features.



An interesting finding is that videoNum was the fourth important feature in Twitter data sets, but was an unimportant feature in Blued data sets. However, we find that the difference in videoNum between depressed and non-depressed users is more obvious in Blued data sets (mean diff = 0.07) than in Twitter data sets (mean diff = 0.02). One reason for the inconsistency might be the relatively lower feature importance of videoNum (5.7%) compared with the three most crucial features (83.7%). That is, videoNum is the fourth important feature in Twitter, however, compared with the difference between depressed and non-depressed users in LDATopicwords, depressWordNum and timeDist, the difference in videoNum become less obvious. In general, the results of feature importance in Blued and Twitter data sets indicate that on the one hand, the dominating explainable features share many similarities, i.e., both data sets have depressWordNum, LDATopicWords and timeDist as the most important features; on the other hand, there are considerable differences between MSM and non-MSM users regarding the order of the most crucial features and the videoNum feature.



Behavior Analysis

All users on both Blued (MSM users) and Twitter (non-MSM users) can be classified into four user groups: depressed MSM, non-depressed MSM, depressed non-MSM, and non-depressed non-MSM. After applying the XGBoost algorithm to the depression-candidate data sets B_D3 and T_D3, we detected 1,445 depressed MSM users and 24,748 depressed non-MSM users. Then, the numbers of depressed MSM users and non-depressed MSM users are 1,791 and 9,734, respectively. And the numbers of depressed non-MSM users and non-depressed non-MSM users are 27,101 and 23,910, respectively. We analyzed the difference of online behaviors between different categories of users, the mean results of the extracted features are presented in Table 5, Figures 3 and 4.


Table 5 | Mean of features on Blued data sets and Twitter data sets.






Figure 4 | Salient LDA topic words for (A) depressed MSM users, (B) depressed non-MSM users, (C) non-depressed MSM users, and (D) non-depressed non-MSM users. The larger the word, the more frequent it appears in the posts.




Comparison Between Blued Users and Twitter Users

There are many differences in online behaviors between Blued users and Twitter users, since the purposes of users in Blued and Twitter may show some differences to some extents. As shown in Table 5, with an enormous number of active users, Twitter users had more followings and followers, and attended more interested groups. Regarding the posting behaviors, Twitter users posted more tweets than Blued users, and each tweet contained a larger number of topics, pictures, videos, antidepressant drug names, and depressive words. In comparison with Twitter users, Blued users posted more emoticons, positive emoticons, positive words, and negative words. In addition, while tweets on Twitter are more likely to be retweeted than the posts on Blued caused by the purpose of information sharing, posts on Blued are more likely to be favored by others, driven by the purpose of seeking partners. Concerning LDA topics, we compared the top 30 salient LDA topic words between Blued and Twitter data sets, and found that 30% of the words were similar. These similar words were commonly used in daily life, such as “feel,” “go,” “life,” “like,” “love,” “really,” “repost,” “time,” and “year.”

The difference between Blued users and Twitter users, to a certain extent, reveals that MSM and non-MSM users show different online social behaviors. For example, the active online interaction among Twitter users might indicate that non-MSM users are more active online than MSM users and have more diversified forms to express their feeling and emotion, such as pictures and videos. In addition, MSM users prefer directly expressing their emotions and feelings, thus their posts contained more emoticons and emotion words.



Behavior Analysis of Depressed and Non-Depressed MSM

First, we examined the users’ posting proportions at different time periods, as shown in Figure 3A. It was found that MSM users tend to publish more posts between 6 pm and 1 am, indicating that the MSM population prefers frequently using social networks at night. Another possible explanation is that they are likely to suffer from insomnia. It also appears that the degree of going to bed late or suffering from insomnia is higher among depressed MSM than non-depressed MSM, since depressed MSM published more posts between 10 pm and 2 am.

Next, the user posting patterns and user profile features were analyzed. As shown in Figure 3B, depressed MSM users posted on average 0.225 depressive words and 0.039 negative emoticons per post, which surpassed the non-depressed MSM users by 0.223 and 0.013, respectively. This suggests that depressed MSM users may express their depressive emotions and complain more about their bad moods. In addition, the depressed MSM users published more posts that containing more topics but fewer videos than non-depressed MSM users. With regard to negWordNum and posWordNum, as presented in Table 5, we found that depressed MSM users posted more negative words (1.087) and positive words (0.958) than non-depressed MSM users. From Figure 3C, we can see that the differences between the average numbers for the followings and interest groups are small between depressed MSM and non-depressed MSM. In addition, the non-depressed MSM has more followers than the depressed MSM, indicating that the non-depressed MSM users are more likely to be favored or followed by others.

Finally, we constructed the word cloud of the top 150 salient terms of LDA topics, as shown in Figures 4A, C. The content of the posts was so casual that both the depressed MSM users and non-depressed MSM users published posts containing many commonly used words, such as “love,” “like,” “live.” In addition, their posts included words such as “eat,” “go,” “life,” and “friend,” indicating that both classes share their daily lives on Blued. However, depressed MSM users are more likely to be under pressure, as their posts included more occurrences of “work” and “don’t,” while the posts of non-depressed MSM users contained more words like “movie” and “sleep.” In addition, in contrast to the posts of non-depressed MSM users, the posts of depressed MSM users involved words such as “depressed,” “depression,” and “die,” which implies that depressed MSM users tend to post their mental status on Blued and they have significant mental health problems.

For the remaining features, in comparison with the depressed MSM users, we discovered that the non-depressed MSM users’ posts are more likely to be favored and reposted by others. Furthermore, the non-depressed MSM users publish more posts containing more pictures, and they also prefer mentioning other users in their posts.



Behavior Analysis of Depressed MSM and Non-MSM Users

As shown in Figures 3 and 4, the non-MSM users show a clear posting pattern of being active at nighttime and silence during the daytime. Compared to non-MSM users, MSM users maintain a high level of activity most of the time except in the small hours. This shows that MSM users almost cannot survive without online social networks, and they have a stronger virtual-social-dependence than non-MSM users.

Similar to depressed MSM users, the depressed non-MSM users posted more depressive words than non-depressed non-MSM users, and the content of their posts contained more topic tags. An obvious difference is that the posting content of depressed MSM users contained 0.18 more depressive words than that of depressed non-MSM users, indicating that depressed MSM users complain more and they are more likely to express their negative emotions on social networks. In addition, depressed non-MSM users published posts with 0.226 more topic tags than depressed MSM users, which is related to the differences in the target users and design principles between Twitter and Blued. The former has a-broad-audience and a stronger information dissemination capacity. Similarly, non-MSM users have more followers and followings than MSM users, since Twitter has more than 500 million users while Blued only has about 40 million users.

An interesting finding is that depressed MSM users posted 2.079 negative words and 2.368 positive words, surpassing that of depressed non-MSM users by 1.74 and 1.934, respectively (see Table 5). The same results can be seen between non-depressed MSM users and non-depressed non-MSM users. This again shows that the MSM population prefers to express their emotions on social networks compared to the non-MSM population. Another interesting finding is that non-depressed non-MSM users posted more negative emoticons than depressed non-MSM users, which differs from that of the MSM users. In comparison with depressed MSM users, depressed non-MSM users published posts with more positive LDA topic words, such as “good,” “new,” “thank,” and less negative LDA topic words, such as “depression,” “depressed,” and “dont,” as shown in Figures 4A, B.





Discussion

Overall, we aimed to investigate the feasibility of automated detection of depressive emotions among the MSM population using social networking data on online mass media. With the well-labeled data sets and well-defined depression-oriented features, the XGBoost algorithm achieved good performance on detecting depressed users for both MSM users on Blued and non-MSM users on Twitter. We further analyzed the contribution of the feature groups and the importance of each feature in the XGBoost algorithm. In addition, based on the depressive emotion detection results, we analyzed the differences between Blued users and Twitter users, the differences between depressed and non-depressed MSM users, and the differences between depressed MSM and non-MSM users. Compared to non-MSM users, MSM users complain more and are more likely to express their negative emotions on social networks.

In our study, we adopted a machine learning model named XGBoost to implement depressive emotion detection. In comparison with deep learning models which provide powerful predictive capability but generally lack interpretability, the XGBoost model is a kind of decision tree-based ensemble method which can provide interpretability to some extent in feature extraction and decision processes as well as achieve outstanding performance in data mining fields and classification tasks. Since our work focused on the depressive emotion detection and behavior analysis of MSM population, the XGBoost algorithm is capable of achieving these goals. And based on the results achieved by the XGBoost model, we can further analyze the importance of each feature in the depressive emotion detection task.

The linguistic feature group is more significant than the other feature groups, when using XGBoost algorithm to detect depressive emotions. The linguistic features include LDA topic words, depressive words, the number of pictures, and the number of videos in the posts, which reflect the content characteristics of the users’ online posts. Similar with the linguistic features in reality, the online linguistic feature is also a potential reference for identifying the mental health of users (41). Additionally, in the depressive emotion detection task, the most important features for determining the detection accuracy are depressive words, LDA topic words, and posting time distribution. These features are useful for describing depressive symptoms, such as depressed mood, users’ feelings, social behaviors, and sleep disturbance, which are also used as diagnosing indicators in many scales to assess depression (17). Therefore, the XGBoost model can extract multi-dimensional depressive symptoms of users through massive online social networking data, and then help detect depression in the early stage.

In addition, while most studies conducted by questionnaire and interview were limited by the sample size of participants and multidimensional characteristics of social behaviors, our work suggests that the automated depressive emotion detection using online mass media data with a machine learning manner, is a potential and easy-to-use way to achieve both large-scale samples and multidimensional depressive symptoms detection. Evidence has shown that many depressive symptoms that are used for clinical depression diagnoses are reflected in online social behaviors, such as insomnia, suicidal thoughts, and depressive mood (21, 29, 41). Thus, further diagnosis or medication of depression is needed for depressed users, as they are found to have significant mental health problems.

Regarding MSM population who are at high risk of HIV and experience remarkably poorer mental health, few studies have focused on the depressive emotion detection of MSM, and the differences between depressed and non-depressed MSM, as well as between MSM population and non-MSM population. In our work, we provide an innovative approach for the monitoring of depressive emotions or mental health among MSM population via social media. It is of significant importance in this at-risk population as it has been reported that depression is associated with increased risk for HIV in MSM population. The digital monitoring of depressive symptoms of MSM population in this paper can complement and extend traditional approaches to diagnose depression, and enable those suffering depressive emotions to be more proactive about their mental health. Additionally, compared to survey methods to recruit MSM populations with depression, we expect our findings to provide more perspectives and insights for MSM-related researches in online data collection and big data analysis.

However, in our study, depressed MSM users were identified if they published posts saying they are depressed and have suicidal thoughts; this kind of depressive emotion identification method is poor and inaccurate compared to the clinical depression diagnoses and the depression diagnosis measure in the benchmark Twitter data set. Furthermore, the non-MSM data set was constructed from the Twitter data set by removing the accounts of those who published posts describing themselves as gay; this kind of identification measure is also weak to a certain extent. Fortunately, based on the well-labeled Twitter data set, the rationality of the algorithm was proved with a good detection performance.



Conclusion

In summary, this is a new attempt to detect depressive emotions among MSM population using massive online social networking data with a machine learning algorithm. An effective and easy-to-use method is provided here for monitoring depressive emotions, which can help identify at-risk individuals in the early stage of depression for further clinical diagnosis. In addition, this is a novel analysis of the differences between MSM population and non-MSM population with or without depressive emotions. Automated depressive emotion screening via social media is a feasible and efficient measure for both the general population and hard-to-access populations. In the future, we expect to improve the representativeness of MSM population samples from online social media data and research the association between depression and stigma, and the sexual risk behaviors in MSM with or without HIV via online recruitment methods.
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Background

We aimed to develop a Human Activity Recognition (HAR) model using a wrist-worn device to assess patient activity in relation to negative symptoms of schizophrenia.



Methods

Data were analyzed in a randomized, three-way cross-over, proof-of-mechanism study (ClinicalTrials.gov: NCT02824055) comparing two doses of RG7203 with placebo, given as adjunct to stable antipsychotic treatment in patients with chronic schizophrenia and moderate levels of negative symptoms. Baseline negative symptoms were assessed using the Positive and Negative Syndrome Scale (PANSS) and Brief Negative Symptom Scale (BNSS). Patients were given a GeneActiv™ wrist-worn actigraphy device to wear over a 15-week period. For this analysis, actigraphy data and behavioral and clinical assessments obtained during placebo treatment were used. Motivated behavior was evaluated with a computerized effort-choice task. A trained HAR model was used to classify activity and an activity–time ratio was derived. Gesture events and features were inferred from the HAR-detected activities and the acceleration signal.



Results

Thirty-three patients were enrolled: mean (±SD) age 36.6 ± 7 years; mean (±SD) baseline PANSS negative symptom factor score 23.0 ± 3.5; and mean (±SD) baseline BNSS total score 36.0 ± 11.5. Activity data were collected for 31 patients with a median monitoring time of 1,859 h per patient, equating to ~11 weeks or 74% monitoring ratio. The trained HAR model demonstrated >95% accuracy in separating ambulatory and stationary activities. A positive correlation was seen between the activity–time ratio and the percent of high-effort choices (Spearman r = 0.58; P = 0.002) in the effort-choice task. Median daily gesture counts correlated negatively with the BNSS total score (Spearman r = −0.44; P = 0.03), specifically with the diminished expression sub-score (Spearman r = −0.42; P = 0.03). Gesture features also correlated negatively with the BNSS total score and diminished expression sub-scores. Activity measures showed similar correlations with PANSS negative symptom factor but did not reach significance.



Conclusion

Our findings support the use of wrist-worn devices to derive activity and gesture-based digital outcome measures for patients with schizophrenia with negative symptoms in a clinical trial setting.
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Introduction

Negative symptoms are a key psychopathologic dimension and an important driver of functional disability in schizophrenia with up to 60–70% of patients exhibiting at least one such symptom (1, 2). Despite the high unmet medical need, there is currently no approved treatment for negative symptoms of schizophrenia in the United States.

Factor analyses of negative symptoms have demonstrated at least two dimensions: one consisting of apathy, amotivation, avolition, asociality, and anhedonia (referred to as ‘avolition’); and expressive deficits (including affective flattening and poverty of speech and diminished use of gestures). The first dimension has been shown to be a key driver of functional impairment (3).

Currently, negative symptoms of schizophrenia are primarily assessed with clinician administered rating scales (4). Known problems with rating scales include challenges in establishing interrater reliability in large multinational studies, reliance on patients’ reports for symptoms that are not directly observable in the interview, and expectation bias. These factors reduce the likelihood of signal detection in clinical trials of novel therapies for schizophrenia, increase the risk and cost of drug development, and diminish the chance of finding a treatment for this debilitating disease (5).

The development of alternative methods to objectively assess negative symptoms in patients with schizophrenia, in particular avolition as a key dimension, is critical to further drug development in this disease. Continuous assessment of a patient’s activity by actigraphy may offer such an assessment that provides not only objective, but also longitudinal, data usually not available directly to the clinician. Previously, correlations between actigraphic measures and clinical symptomatology have been reported in patients with schizophrenia. They have shown stability both within and between psychotic episodes (6) and have also been linked to neuroimaging markers (7, 8). In general, reduced activity has been found to correlate with higher negative symptoms, in particular apathy, but not expressive deficits. Although a few studies that obtained symptom assessment and actigraphy measures did not report any correlation, indicating that such correlations were not always found (9–12). However, to our knowledge, all studies used activity counts as the primary variable assessing activity levels. No attempts have been made to differentiate the activity signal into different kinds of activities, in particular into ambulatory and stationary activity (like gesturing while standing or sitting).

Recent developments in digital health technology, including wearable sensors, provide new opportunities to continuously and passively monitor patients over a longer duration of time, collecting rich data sets. Previous studies have found that the use of wearable devices in schizophrenia is feasible and acceptable for patients and may be used to assess heart rate, electrodermal activity, and movement in everyday life (13). Human Activity Recognition (HAR) can identify actions carried out by an individual using acceleration and gyroscope data obtained from various sources including body-worn sensors (14–17).

Here, we present data exploring the use of a wrist-worn device to assess patient activity over a 15-week period to determine how activity measures extracted from the device correlate with negative symptoms of schizophrenia. The key goal was to test new analytical approaches that allow a more fine grained classification of activities in the context of a multi-site clinical trial. In addition, we explored if and how results of this analysis relate to clinical symptoms and, importantly, to performance in the effort-choice task, a behavioral assay probing the reward system and motivated behavior. A relatively large number of studies using effort-choice paradigms have shown that negative symptoms, particularly avolition, are associated with reduced motivation or willingness to expend high efforts for highly rewarded outcomes in such tasks (18–20).



Materials and Methods


Study Design

The data were collected in a randomized, three-way cross-over, proof-of-mechanism study conducted between June 28, 2016 and April 28, 2017 (ClinicalTrials.gov: NCT02824055; protocol BP29904). The study compared two doses of the phosphodiesterase-10 inhibitor RG7203 (5 mg and 15 mg) with placebo, given as adjunctive to stable antipsychotic treatment in patients with chronic schizophrenia and moderate levels of negative symptoms. Outpatients were recruited through referral, direct contacts, and advertisements.

Patients were randomized to one of six treatment sequences using a central randomization system. Patients received once-daily placebo, 5 mg RG7203, or 15 mg RG7203 (matching oral capsules). To reach the 15 mg dose, treatment was up-titrated during Week 1. Each treatment period lasted for 3 weeks, followed by a 2-week washout period. For activity monitoring, study participants were provided with a GeneActiv™ (Activinsights Ltd, Cambridge, UK) wrist-worn actigraphy device to record data. Patients were asked to wear the device for 24 h each day throughout the entire 15-week trial period. The study was conducted in accordance with the principles of the Declaration of Helsinki and Good Clinical Practice guidelines. All patients provided written informed consent for study participation.

Primary results from the study will be published separately (Umbricht et al. Manuscript submitted for publication). The current analysis did not determine drug efficacy, but leveraged the placebo periods of the study.



Participants

Eligible patients were aged 18–50 years with a Diagnostic and Statistical Manual of Mental Disorders-5 diagnosis of schizophrenia and a Positive and Negative Syndrome Scale (PANSS) negative symptom factor score (NSFS) ≥18 (21) at screening. Patients were to be symptomatically stable and receiving antipsychotic treatment not exceeding a dose equivalent to 6 mg risperidone. Additional requirements for symptom severity at screening included: a Clinical Global Impression-Severity (CGI-S) score ≥3 (at least mildly ill); a score ≤4 (moderate or less) for PANSS items of hostility (P7) and uncooperativeness (G8); a PANSS depression score (G6) ≤4 (moderate or less); and a score ≤8 on the Calgary Depression Scale for Schizophrenia.

Exclusion criteria included: patients with a score >2 (mild) for any of the four CGI-S items of the Extrapyramidal Symptom (EPS) Rating Scale; electroconvulsive treatment within 6 months of screening, and olanzapine or clozapine within 3 months of screening; use of more than one antidepressant, or a change in dose of antidepressant within 4 weeks of screening; strong/moderate inhibitor or inducer of cytochrome P350 (CYP) 3A or CYPC8 within 14 days of screening; presence of a substance use disorder; positive urine screen for amphetamines, methamphetamines, opiates, buprenorphine, methadone, cannabinoids, cocaine, or barbiturates; a movement disorder that might affect ratings on the EPS scale; or prior or current medical conditions that could impair cognition or psychiatric function.



Clinical Assessments

Patients were assessed during inperson study visits. Baseline negative symptoms were assessed using the PANSS and Brief Negative Symptom Scale (BNSS) (22, 23). For correlational analysis, the PANSS NSFS, PANSS positive symptom factor score (PSFS) (21), the BNSS total score, and BNSS apathy index and expressive deficits factors (24) were used.

Motivated behavior was assessed with a computerized effort-choice task where patients were given a choice of an easy task with a lower reward or a more difficult task with a higher reward (25). Patients had the option to press a blue balloon 20 times until it popped for which they would receive one point, or to press a green balloon 100, 120, or 150 times until it popped to receive three, five, or seven points. The patients were informed about the maximum possible reward and the probability of receiving the reward (50 or 100%). Each set of cumulated 20 points convert to a $1 bonus. The percentage of high-effort choices across all effort levels and reward levels of five and seven points at 100% probability of receiving the reward was measured to determine the participant’s motivated behavior.

The GeneActiv™ actigraphy device recorded the acceleration of wrist movement at 20 Hz to assess patient activity throughout the trial period. For this analysis, actigraphy data and behavioral and clinical assessments obtained during the placebo treatment period were used. The monitoring ratio was calculated by dividing the total number of hours with sensor data collected by the total number of hours in the study.



Sensor-Based Features

A 9-layer convolutional recurrent neural network (26) was trained using two public annotated data sets [Reiss et al. (27) and Stisen et al. (28)] containing wrist-worn acceleration data for nine subjects each to infer patients’ activities. Performance evaluation of the trained HAR model was conducted using held-out testing data and internally collected sensor data from patients with multiple sclerosis who performed balance tests (stationary) and 2-min walking tests (ambulatory) (29). Two subjects from each of the Reiss and Stisen data sets were left out during training, while sensor data from 14 subjects were used as input to train an activity recognition model. One held-out subject from each data set formed the validation set, which was used to tune the hyper-parameters and determine convergence of the model during training, and one held-out subject from each data set formed the testing set, which was used only for final performance evaluation.

The trained neural network was used to infer a classification of patient activity collected on the actigraphy devices. Patient activity was categorized as either ambulatory (i.e. walking, climbing stairs, cycling, jogging) or stationary (i.e. sitting, standing, lying down, doing hand work). An activity ratio was derived for each patient based on the activities determined using the HAR and was defined as the total active time involving gait (i.e. walking, climbing stairs, running, cycling) divided by the total monitoring time.

Gesture events were inferred from the HAR model-predicted activities, combined with the standard deviation (SD) of the magnitude of acceleration signal from the wrist, using a 0.01 g threshold within a 1-s moving window, inspired by a previously published method by Rai et al. (30). In Rai et al. the authors observed that when the SD of the magnitude of the accelerometer signal was below 0.01 g, the user was idle with 99% probability. Therefore, a gesture event was defined as the time when the patient was not moving (i.e. sitting, standing, lying down, doing hand work) according to the HAR model, while the SD of the acceleration signal was >0.01 g. As gesture events were identified by a 1-s moving window across the accelerometer signal, the start and end time of a gesture event was defined by the continuous moving windows that fit the SD criteria, with a maximal gap between eligible windows smaller than 1 s. From the defined gesture events, we calculated gesture count and gesture power. Gesture count was calculated as the total number of gesture events per day. Gesture power was calculated during the detected gesture events by integrating the squared magnitude of the acceleration signal:  , where mt is the magnitude of accelerometer signal at time t, and   is the mean of magnitude across time in a gesture event.



Statistical Analysis

Correlations between clinical scores and sensor-based features were evaluated using Spearman’s correlation coefficient.




Results


Study Participants

In total, 33 patients with negative symptoms of schizophrenia were enrolled at three study centers in the United States. Study participants had a mean (±SD) age of 36.6 ± 7 years, and the majority were male (30/33) and Black (21/33) (Table 1). The mean (±SD) baseline PANSS NSFS was 23.0 ± 3.5, the mean (± SD) baseline BNSS total score 36.0 ± 11.5, and the mean CGI-S score 3.7 ± 0.5.


Table 1 | Demographics and clinical characteristics at screening.





Activity Data

Overall, 31 patients agreed to wear a GeneActiv™ wrist-worn actigraphy device to record actigraphy data. Median collected monitoring data per patient was 1,859 h equating to around 11 weeks or 74% monitoring ratio. There was no significant correlation between baseline PANSS NSFS, PANSS PSFS, or BNSS total score and monitoring ratio.



Validation of Human Activity Recognition Model

Based on the held-out validation data, the trained HAR model demonstrated >95% accuracy in separating ambulatory (i.e. walking, climbing stairs, cycling, jogging) and stationary activities (i.e. sitting, standing, lying down, doing hand work). The model showed 94.9 and 95.5% accuracy in identifying stationary and ambulatory activities, respectively.



Correlation of Actigraphy-Derived Features With Clinical Scores

The activity–time ratio correlated positively with the percent of high-effort choices at the end of the placebo period (Spearman’s r = 0.58; P = 0.002; Figure 1).




Figure 1 | Spearman’s correlation between activity–time ratio and high-effort choice (Spearman’s r = 0.58; P = 0.002).



Median daily gesture counts were negatively correlated with the BNSS total score (Spearman’s r = −0.44; P = 0.03; Figure 2A) at the end of the placebo period, specifically with the diminished expression sub-score (Spearman’s r = −0.42; P = 0.03; Figure 2B). No correlation was observed with the BNSS apathy sub-score or the PANSS NSFS. Gesture power and activity–time ratio correlated negatively with the diminished expression sub-score, but not with other measures of negative symptoms (Table 2). Notably, all significant correlations were in the a priori expected direction supporting the convergent validity of the proposed novel digital measures with the established clinical scales.




Figure 2 | Median daily gesture count versus (A) BNSS total score and (B) BNSS diminished expression. BNSS, Brief Negative Symptom Scale.




Table 2 | Spearman’s correlation between high-effort choice, activity, and gesture features with clinical scores.



Performance in the effort-choice task did not correlate with any clinical measure of negative symptoms.




Discussion

The results of this analysis demonstrate that the use of a wrist-worn actigraphy device is feasible to support continuous monitoring of clinically relevant behavior in a multi-site clinical trial setting over an extended period of time. The patient monitoring ratio was acceptable throughout the trial, allowing for a high volume of data to be collected by the end of the placebo period. This suggests that patients were comfortable wearing the device and that the device is suitable for continuous assessment over a number of weeks.

Previous studies have investigated the feasibility and use of wearable devices in schizophrenia (10, 31). Cella et al. examined the use of a novel mobile health method using wearable technology to determine illness severity in patients with schizophrenia. The device was acceptable to patients and provided accurate and reliable measures of everyday activity and behavior, including assessment of physiological measures, functioning symptoms, and levels of medication (13). Meyer et al. utilized a combination of wrist-worn devices and smartphones to continuously monitor sleep and rest-activity profiles in people with schizophrenia over a 2-month period. All study participants exceeded the 70% threshold for feasibility of the wearable device with a mean wear time of 21.8 h per day or 91% of the total study duration (31).

Passive monitoring has also been used to quantify behavioral changes in several neurological conditions, including Parkinson’s disease (32, 33), multiple sclerosis (29), and Huntington’s disease (34, 35). Lipsmeier et al. assessed the feasibility, reliability, and validity of smartphone-based digital biomarkers of Parkinson’s disease over a 6-month period in a phase I clinical trial (32). Adherence was acceptable and sensor-based features showed moderate to excellent test–retest reliability (32). The use of smartphone- and smartwatch-based remote patient monitoring was also employed by Midaglia et al. in a 24-week pilot study in patients with multiple sclerosis (29). Adherence to passive monitoring was 70.8% with patient satisfaction rated as good to excellent, which remained stable throughout the study (29). An ongoing Digital-HD study is investigating the tolerability and feasibility of smartphone-based technology to passively monitor motor and non-motor manifestations of Huntington’s disease (35). These studies indicate the potential for the measurement of disease-relevant features from daily life in a clinical trial setting.

While most, if not all, previous actigraphy studies in schizophrenia have used simple activity counts as a measure of patient activity, our approach used machine learning to extend beyond a simple count, to identification specifically of gesture events during non-locomotive activities and hence, eliminates the situation where hand movements are caused by walking or running. Our HAR model was validated using previously published data, with a high level of accuracy, demonstrating that this model is reliable and robust for the detection of ambulatory versus stationary activity. There was a significant positive correlation (P = 0.002) between the activity–time ratio and the percent of high-effort choices, indicating an association of avolition and lower activity in daily life. As expected, gesture features derived from the HAR model were associated with expressive deficits, supporting the validity of activity and gesture-based digital outcome measures for negative symptoms in patients with schizophrenia.

Our study also highlights well-known problems with clinician administered rating scales. We did not find correlations between percentage of high effort-choice in the effort-choice task and the various clinical assessments of negative symptoms, in particular apathy, as previously reported by others (12). This may be due to differences in the patient sample. However, the correlations between the effort-choice performance and the activity index would indicate that both measures indeed capture an aspect of reduced motivation. The lack of an association between the clinical assessments of apathy and the effort-choice performance thus suggests that the clinical assessments capture apathy unreliably, which may be the key reason for the lack of association between activity measures and apathy. This is not surprising, as the key features of apathy cannot be observed in the interview but have to be elicited by the clinician and rely primarily on the patient’s memory and report, which has been shown to negatively affect the accuracy of symptom reporting (36). Not surprisingly, we found the highest correlation between the expressive deficit scores and gesture count and power. Expressive deficits are directly observable in the interview and hence can be assessed more reliably.

Our study has several limitations. Firstly, we could not validate our findings in a larger cohort of patients. This will be a critical step in establishing our analytical approach as a tool to assess negative symptoms. Secondly, our study did not allow the establishment of test–retest reliability, i.e., to establish the stability of these measures in stable patients. Both issues are key for implementation of these measures in future clinical trials. Also, our approach focused on stationary periods and did not include gesture events during non-stationary activity which of course occur as well. Identification and inclusion of these additional gesture events should be attempted in future studies and may increase the correlation with negative symptoms. Also, it is possible that among events counted as gestures some may have been included that comprised movements that did not represent gestures such as playing instruments, doing crafts, cooking, other household chores. Excluding such activities in future studies may increase the sensitivity of our approach. In addition, although our approach is a step forward in differentiating gestures from non-gesture activity, it does not allow the differentiation of communicative and socially relevant gestures and gestures that do not have such characteristics. It would require the establishment of an ‘alphabet’ of such gestures in healthy volunteers in terms of actigraphy features that could then be used to detect the presence or absence of communicative gestures in patients—a relevant aspect for the assessment of negative symptoms. Also, previous studies have investigated the use, perception and imitation of gestures by patients in much more detail by direct observation or video-based studies (37, 38) and found abnormalities in all three aspects. Obviously a passive monitoring system like actigraphy is not able to provide these kinds of data. Finally, differences in publicly available data sets of healthy volunteers that were used for validation, including the method of detection, of activities measured, was also a limitation. We did not have a comparison sample of healthy volunteers in whom data were obtained with the same device. It is also conceivable that the very nature of gestures differs between healthy volunteers and patients; however, we are not aware of evidence supporting this assumption. Furthermore, the HAR model has not yet been tested in a drug-based clinical trial or in patient subgroups with baseline characteristics other than negative symptoms.



Conclusions

Overall, our findings support the use of wrist-worn devices to derive activity and gesture-based digital outcome measures for patients with schizophrenia with negative symptoms in a clinical trial setting. We present initial evidence of convergent validity of sensor-based features with established clinical outcome measures. This could, in the future, enable the objective measurement of behavioral changes in schizophrenia and pave the way towards novel ways to evaluate treatments for the negative symptoms of schizophrenia, thereby supporting essential drug development for these patients.
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As our society is ageing globally, neurodegenerative disorders are becoming a relevant issue. Assessment of saccadic eye movement could provide objective values to help to understand the symptoms of disorders. HTC Corporation launched a new virtual reality (VR) headset, VIVE Pro Eye, implementing an infrared-based eye tracking technique together with VR technology. The purpose of this study is to evaluate whether the device can be used as an assessment tool of saccadic eye movement and to investigate the technical features of eye tracking. We developed a measurement system of saccadic eye movement with a simple VR environment on Unity VR design platform, following an internationally proposed standard saccade measurement protocol. We then measured the saccadic eye movement of seven healthy young adults to analyze the oculo-metrics of latency, peak velocity, and error rate of pro- and anti-saccade tasks: 120 trials in each task. We calculated these parameters based on the saccade detection algorithm that we have developed following previous studies. Consequently, our results revealed latency of 220.40 ± 43.16 ms, peak velocity of 357.90 ± 111.99°/s, and error rate of 0.24 ± 0.41% for the pro-saccade task, and latency of 343.35 ± 76.42 ms, peak velocity of 318.79 ± 116.69°/s, and error rate of 0.66 ± 0.76% for the anti-saccade task. In addition, we observed pupil diameter of 4.30 ± 1.15 mm (left eye) and 4.29 ± 1.08 mm (right eye) for the pro-saccade task, and of 4.21 ± 1.04 mm (left eye) and 4.22 ± 0.97 mm (right eye) for the anti-saccade task. Comparing between the descriptive statistics of previous studies and our results suggests that VIVE Pro Eye can function as an assessment tool of saccadic eye movement since our results are in the range of or close to the results of previous studies. Nonetheless, we found technical limitations especially about time-related measurement parameters. Further improvements in software and hardware of the device and measurement protocol, and more measurements with diverse age-groups and people with different health conditions are warranted to enhance the whole assessment system of saccadic eye movement.
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Introduction

Our society is ageing worldwide. According to the United Nations (UN), the number of people aged 65 years and over is projected to increase from 0.7 billion (9% of the global population) in 2019 to 1.5 billion (16%) in 2050 (1). In addition, the elderly people aged 60 years and over are expected to outnumber the children under 5 years in 2020 for the first time in our history (2). Because of this development, the World Health Organization (WHO) launched The Decade of Healthy Ageing (2020–2030), an opportunity to bring together relevant stakeholders to improve the lives of older people in our entire society (2). Particularly, WHO emphasizes the importance of developing guidance and measurement tools for primary care providers so that they can assess health status of the elderly more comprehensively to slow and/or reverse the declines in their physical and mental capacities (3, 4).

Among various relevant diseases and disorders confronting us in the growing ageing society, neurodegenerative diseases are becoming more prevalent (5). It is reported that neurological disorders were the leading cause of Disability-Adjusted Life Year (DALY) in 2015, accounting for 10.2% of global DALYs, and were the second leading cause of deaths, comprising 16.8% of global deaths (6). Detecting early disease-related symptoms would facilitate implementation of preventive measures. In this context, it has been hypothesized that assessment of eye movements can be invaluable for healthcare providers because eye tracking provides indirect access to the neural and cognitive processing in a simple manner (7–9) and associates with neurodegeneration (10). Ocular movements can be subcategorized into two clauses: 1) fixation, blink, vergence, smooth pursuit, vestibuloocular reflexes, optokinetic nystagmus, and pupillary responses, and 2) saccade (7, 9). While it is important to evaluate eye movements with combining these subcategorized events (9), saccadic eye movement is often assessed in various neurodegenerative disorders; e.g., in dementia (11).

A saccade refers to a rapid and conjugate eye movement that voluntarily shifts the eyes from one target to another (12). We usually perform the saccades, initiating the movement within 250 ms, shifting our eyes at the speed up to 700°/s, and completing the shift in 30 ∼ 100 ms (12, 13). Saccades are generally subdivided into two main classes: 1) saccades that are made in response to an external guide of visual stimuli and 2) saccades that are performed without visual target (14). These two types of saccades work differently in terms of the brain processing. One of the frequently used methods for the former type of saccade is the visually guided saccade (VGS). The subjects first look at a central fixed target and then have to move their eyes to another target that appears at some point outside the center of their visual field after the central target disappears. An example paradigm of the latter type of saccade is called the memory-guided saccade (MGS). The saccade procedure is similar to the VGS; however, the subjects need to remember for a short time the location of another target toward which they have to make a saccade. In performing a saccade, several cortical areas play an important role: frontal eye field (FEF), supplementary eye field (SEF), parietal eye field (PEF) or posterior parietal cortex (PPC), and superior colliculus (SC) (14). Specifically, FEF and PPC are important to initiate a saccade. The parietal cortex generally contributes to triggering automatic or reflexive saccades, while the frontal lobe, including the FEF, is affected by more cognitively demanding eye movement tasks. After SC receives the signals from FEF, SEF, and PEF (or PPC), it sends out next signals to the saccade generators in the brainstem. Finally, the brainstem saccade generator sends its outputs to the motoneurons of the oculomotor nuclei. To investigate saccades in detail, oculo-metrics such as latency (response time), velocity, amplitude, frequency response, duration, and error rate are often analyzed (9).

Saccadic eye movement disorders can be categorized, depending on the characteristics of measured oculometrics, to 1) hypokinetic movement disorders often seen in Parkinson’s Disease (PD), Multiple System Atrophy (MSA), Progressive Supranuclear Palsy (PSP), and Corticobasal Degeneration (CBD) and 2) hyperkinetic movement disorders observed in, for example, Huntington’s Disease (HD) and Spinocerebellar Ataxia (SCA) (15). For example, people suffering from PD with mild cognitive impairment (PD-MCI) showed a longer latency in comparison with a control group (8, 14). The saccade latency was associated with the brain regions that were affected in people with PD (9). Those with Alzheimer’s Disease (AD) and amnestic MCI (aMCI) also exhibited significantly longer response time in the anti-saccade task compared to non-aMCI population and healthy controls. More errors were also observed in people with AD and aMCI (11). Obliquely oriented microsaccades were often seen in people with AD and aMCI (8). Most people with MSA presented abnormally large square wave jerks (SWJ) (7, 15). The population with PSP revealed more frequent and larger SWJ, slower saccades, prolonged latencies, and impaired pursuit ocular movement in comparison with the healthy population (7, 13–15). Those with HD also showed dysfunction in fixing their eye stably, impaired initiation and inhibition of saccadic eye movements, and longer response time and decreased velocity in saccades (7, 8, 13, 15). People with SCA manifested unusually large SWJ, slowed saccades, and slightly increased latency of saccades (7, 14). Hence, as described above, saccadic eye movement could be a practical useful biomarker to understand the symptoms of diverse neurological disorders.

There are several methods of eye movement measurement (7, 9, 14). A simple method is to use Frenzel goggles to disable the user from visually fixating on an object while the examiner investigates the eyes of the user. However, since the method does not provide quantitative outcomes, it is not possible to acquire oculo-metrics such as latency of saccadic eye movement. Instead, computer-based recording techniques can quantify ocular movements. Electrooculography (EOG) is one of the traditional techniques and has been employed since the 1970s. Electrodes are placed on the skin around the eyes to record the changes in eye position from the differences in electrical potential between the two electrodes. While EOG provides a good temporal resolution, saccade measurement is sometimes affected by artifacts such as electromyography signals. Another method is to put on an eye directly a modified contact lens with a search coil embedded. When the eye with the search coil moves, a current is induced on the coil and the electrical change can be used to measure the eye position. It is the most accurate method, however, is invasive and painful for the users. Recently, video-based eye tracking is becoming more prevalent. Generally, infrared light is emitted from the light source on the eye tracker to the cornea of eyes. Then, infrared cameras record the positions of reflected light from the cornea and the center of pupil. The relative difference between these two positions is used to calculate the pupil position and gaze direction. The users usually conduct the calibration process to look at several points in the visual field and then the system compares the predetermined points and the measured gaze data to adjust the system configuration depending on the user. The method is non-invasive, offers a high spatial resolution of 0.25° to 0.5°, and provides data of pupillary responses in addition to gaze data. On the other hand, since sampling frequency is a key factor for accurate saccadic eye movement assessment, it will cost more if the eye tracking device with higher sampling frequency is selected. Nonetheless, video-based eye tracking technique is more promising to characterize ocular motions in the absence of absolute biomarkers for ocular assessment.

As the technology of video-based eye tracking has advanced, developers have integrated eye tracking technique into a virtual reality (VR) technology with head-mounted display (HMD) in recent years. The combined system enables us to measure eye movements while showing VR animations. VR is also an effective tool for both diagnosis and intervention in the research field of neurodegenerative disorders (16–18). Previous studies reported that interventions with using VR technology improved motor and cognitive functions of people with disorders such as stroke, MCI, AD, and PD (19, 20). Other studies also found that VR-based measures were more useful as an assessment tool in detecting cognitive impairments and evaluating self-awareness (21–23).

To summarize, the previous studies have found that assessment of saccadic eye movement with video-based eye tracking bears the potential to evaluate various neurodegenerative disorders. In addition, VR technology would have the potential to enhance the diagnosis and interventions of neurodegenerative disorders. We assume that combination of video-based eye tracking technique and HMD-based VR technology could improve the assessment of saccadic eye movement by taking advantages of immersive environments created by VR technology. Therefore, this study aims at investigating a combined device, HTC VIVE Pro Eye, for the purpose of using it for saccadic eye movement assessment and report the measured data of saccadic eye movement and technological findings of the device.



Materials and Equipment

The main component of this study is the VR-based HMD (HTC VIVE Pro Eye, HTC Corporation). Table 1 shows the technical specifications of hardware and software components. Table 1 also lists the main measurement parameters and explains how to interpret the output value of validity of measured eye data. In addition, Table 2 shows the main technical specifications of the computer used in this study. VR environments are designed on the computer and the VIVE Pro Eye is controlled from the same computer.


Table 1 | Technical specifications of investigated HTC VIVE Pro Eye.




Table 2 | Technical specifications of computer.



We develop VR environments and implement an eye tracking software algorithm on Unity, following a software development kit (SDK) called SRanipal provided by HTC Corporation. SRanipal includes functions to measure ocular movements and time-related data. The detailed guideline for the program development is found in the SDK; when the SRanipal SDK is installed into a computer, a folder automatically named SRanipal_SDK_1.1.0.1 is created. The guideline is found in the folder: SRanipal_SDK_1.1.0.1\02_Unity\Document\Eye\Document_Unity.html.

Figure 1 shows the coordinate system of VIVE Pro Eye. Recorded data of gaze origin and gaze direction are three-dimensional and based on the right-handed coordinate system. Gaze direction data are normalized to between −1 and 1. Pupil position data are also normalized to between 0 and 1. The origin (0, 0) of pupil position data is at the top left of the sensor area from the user perspective, (0.5, 0.5) is at the center of view field, and (1, 1) is at the bottom right of the sensor area.




Figure 1 | Coordinate system of HTC VIVE Pro Eye, based on the manual of SRanipal SDK. (A) Coordinate system of eye tracking on VIVE Pro Eye. (B) Coordinate system of pupil position data from user's view. (C) Coordinate system of gaze direction vector from user's view.





Research Methods


Study Design

The aim of our study is to evaluate whether the VR headset, HTC VIVE Pro Eye, could be used as an assessment tool for saccadic eye movement. As a first step, we developed a simple VR environment and measurement protocol for saccadic eye movement assessment on Unity design platform, following a previously proposed protocol of saccade evaluation (24), to simulate the environment similar to the design that had been often used on a monitor-based assessment system. Subsequently, we measured saccadic eye movement of healthy young adults. We processed the measured data to calculate oculo-metrics such as peak velocity and latency, analyzed them, and compared the results with those from previous studies. Finally, we summarized the technical findings, limitations, and improvements that were observed in this study. The project was organized at ETH Zurich, Switzerland from August 2019 to February 2020. The ethics was approved by ETH Zurich Ethics Commission (registration number 2019-N-181). We recruited healthy young (between 18 and 35 years old) adults in Switzerland.



Experimental System

Figure 2 illustrates the experimental system developed for the assessment of saccadic eye movement using HTC VIVE Pro Eye. The VR environment is designed on the computer of NUC8i7HVK and is output to the VIVE Pro Eye headset via the link box. The eye tracker embedded in the VR headset records the ocular movement and the measured data are stored in the computer storage. The base stations are necessary to detect the VR headset.




Figure 2 | Experiment system of saccadic eye movement assessment with HTC VIVE Pro Eye.





Research Protocol


Protocol of Saccadic Eye Movement Assessment

We designed our assessment system of saccadic eye movement, following a previously proposed standardized saccade protocol (24). Oculo-motor scientists and clinicians with diverse experience in saccadic eye movement analysis developed the standardized protocol, with the aim of enhancing the clinical and scientific outcomes. Figure 3 illustrates the detailed measurement protocol visually, and the following are the points that are recommended in the proposed standardized protocol (24).

	Saccade task:


	We prepared pro- and anti-saccade tasks in a horizontal direction. Anti-saccade task is a reliable and sensitive measure to evaluate the processes involved in resolving the conflict between volitional and reflexive behavioral responses and can provide important insights on the conditions of various neurodegenerative disorders (25). In general, the subjects look at a target at the center first before performing the saccade tasks. After the target at the center disappears, another target appears on either the right or the left side. The subjects need to move their eyes toward the new target on the side for the case of pro-saccade and toward the opposite direction of the target for the case of anti-saccade.


	Protocol of a saccade trial on time domain:


	One saccade trial consisted of two phases: 1) a white circle appeared at the center of visual field for between 1 and 3.5 s with the mean of 1.5 s averaged over each set of saccade trials and 2) a red circular target appeared on either the right or the left of the white circle for 1 s.


	Time interval between the two phases:


	Some measurement protocols set a time interval between after the white target disappears and before the red target appears. However, following the recommendation, we removed the gap phase between these two phases, setting the interval to 0.


	Direction and amplitude of stimuli (red target):


	As the literature recommends the saccade task in only a horizontal direction and an amplitude of 8°–10° for the red target, we created the VR environment, where the red target came out on the right or left with the amplitude of 8° from the center.


	Contrast of targets:


	The contrast of the targets was clear enough with over 50%.


	Size of targets:


	While the proposed protocol recommended the diameter of 0.5° for the system with a screen display, it also stated that the size and shape of the targets were not important. Therefore, we designed the targets with the diameter of 1°. In addition, as shown in Figure 3, we set the distance of 7 m between the user’s view and each target. With the predetermined parameters of the distance and the amplitude and size of the targets, we calculated the diameter of targets in meter.


	Saccade task flow:


	The measurement flow was composed of five main phases. The subjects started with 60 trials of pro-saccade task after practicing the pro-saccade task for 10 times for customization. After a break for 1 min, they practiced anti-saccade task for four times and then moved to 40 trials of anti-saccade task. They performed the second and third anti-saccade tasks consecutively for 40 trials in each with having 1-min short break between the phases and finally ended with the second pro-saccade task for 60 trials. Thus, they conducted 120 trials in each of the pro- and anti-saccade tasks. In each saccade task, the subjects gazed at the red target on the right or left at the equal number of times (i.e., 30 or 20 times on the right and 30 or 20 times on the left for pro-saccade task or anti-saccade task). The fore-period, a duration to display the white target at the center of visual field, varied at random in each saccade trial and the direction of displayed red targets also changed randomly. However, all the subjects experienced the same randomized fore-periods and directions of red targets. The whole measurement took less than 20 min.







Figure 3 | Measurement protocol and VR design for the assessment of saccadic eye movement. (A) Protocol of pro- and anti-saccade tasks per trial. (B) Designed VR environment for saccade assessment. (C) Measurement flow of saccade assessment.





Programming Algorithm of Eye Tracking

The program was developed using C# programming language on Unity. The programming code is openly published on GitHub: https://github.com/MotorControlLearning, with the detailed explanation of the algorithm for the saccade measurement.




Data Processing


List of Recorded Parameters

We measured the following parameters especially to calculate the important oculo-metrics of latency, peak velocity, and error rate of saccadic eye movement (26). We recorded time information with timestamp in SRanipal SDK and DateTime.Now.Ticks on Unity system. The SDK also provided frame_sequence to record the frame sequence. The following data of ocular movement in each of the left and right eyes were read from the VerboseData in the struct data of ViveSR.anipal.Eye.EyeData_v2 in SRanipal SDK: validity of eye data, eye openness level, pupil diameter, pupil position, gaze origin, and gaze direction. All the data are stored in text files. However, we did not use the data of timestamp because the current version of SRanipal SDK did not provide correct time stamp. The details are described in the following discussion part.



Detection Algorithm of Saccades

Figure 4 explains the flow of data processing for eye movement data and detection algorithm of saccadic eye movement visually.




Figure 4 | Data processing of eye movement data and detection algorithm of saccades.



First, we performed a data cleaning. After we loaded the raw data of ocular motions from the text files on MATLAB R2019b (MathWorks, MA, U.S.), we checked the value of validity of eye data to eliminate the invalid data with the value less than 31 and kept the valid data with the value equal to 31 (see Table 1).

Second, we processed the cleaned data to calculate the gaze direction in degrees with the formula (1). We quantified how far eyes moved from the point of x = 0 (see Figure 1). Since the recorded data of gaze direction were normalized to between −1 and 1, we calculated the angle in radian by applying the arc tangent and then converted the data from radian to degrees. Here, we have to note that the sign of the calculated data in degrees is negative when eyes move toward the right and is positive when eyes move toward the left (see the coordinate system in Figure 1). In addition, we identified the time when the red circular target appeared on either the right or the left in each trial, by reading the Unix time that we recorded in every saccade trial when the red target was displayed.

	

Third, we implemented a program to detect the saccades in each trial. Since spike noise possibly confounded the saccade detection, we removed the spike noise with a median filter with an order of 10 (27). We then extracted the filtered gaze direction data of first saccade trial in a specific time range within the period of 1 s for which the red target was being displayed. Since we knew when the red target appeared based on the Unix time as explained above, we extracted the gaze direction data in a time range from ti + 100 to ti + 500 ms for the pro-saccade task and from ti + 125 to ti + 750 ms for the anti-saccade task, where ti was the time when the ith (i = 1, 2,…, 240) red target appeared. We set the time range, assuming that saccadic eye movement would occur in the period by referring to the results of saccade latency in the previous studies (28, 29). Subsequently, we drew velocity from the gaze direction data to understand the time when the velocity changed sharply by inspecting the peaks of velocity as visually explained in Figure 4. We used a velocity-based algorithm to detect saccadic eye movements (30). Investigating the waveform of the filtered gaze direction data, we considered five potential cases to detect saccades as illustrated in Figure 4. In case #1, gaze at the white central target (fore-period), initiation of saccade, and gaze at the red target are seen. Case #2 observes the return period to move eyes from the red target to the white target in addition to the movement illustrated in case #1. Case #3 is often found in the anti-saccade task because of reflexive eye movement induced by the red target. Thus, another peak velocity could be observed before the correct saccadic eye movement occurs. Similar to case #2, case #4 includes the return phase in addition to the movement in case #3. The final case of #5 is seen if the subjects do not perform the saccadic eye movement task properly. If the gaze direction changed within 1° or 0.001 for normalized pupil position in the inspection period, we applied the case #5. After normalizing the velocity data to between −1 and 1, we found the peaks of velocity that were over the threshold of 0.5 or below −0.5, according to the five cases. We assumed that first velocity peaks in cases #3 and #4 were due to reflexive responses if the signs of peaks did not correspond to those of the predefined protocol. After fixing the peak of saccadic eye movement, we took the absolute value of velocity and set the threshold of 0.25 to define when the saccadic eye movement started in certain response time (i.e., saccade latency) after the red target appeared. Finally, we calculated the latency, peak velocity, and error rate of saccadic eye movement of the trial. We estimated the errors of saccadic eye movement by comparing the sign of peak velocity and the predetermined protocol explaining where the red target appeared in each saccade trial. For example, when the target appears on the right in the pro-saccade task, the peak velocity should be negative, whereas the velocity is supposed to be positive when the target comes out on the left in the visual field. We needed to invert the sign of peak velocity or the target direction of predefined protocol for the analysis of anti-saccade task. We repeated the same procedures explained above for all the saccade trials.




Data Analysis

Following the algorithm described in the previous sections, we calculated latency, peak velocity, and error rate of saccadic eye movement using gaze direction data. We also evaluated latency and error rate of saccade tasks using pupil position data based on the same saccade detection algorithm explained in Figure 4. However, peak velocity was not derived from the pupil position data since the conversion from normalized values to degrees was not available. Specifically, we visualized waveforms of gaze direction and pupil position data on X axis and data distribution of latency, peak velocity, and error rate in box plots. We also compared the calculated data between the data types (i.e., gaze direction data in degrees and normalized pupil position data), between pro- and anti-saccade tasks, and between left and right eyes to evaluate whether the data types, the saccade types, and the individual ocular measurement on each eye affected the results of computed oculo-metrics respectively. The statistical analysis was performed on a data analysis tool of R version 3.6.3. In addition, we investigated the data related to time by visualizing timestamp data recorded with SRanipal SDK and Unix time data recorded on Unity system, in particular to explore the sampling interval of the eye tracking device. Finally, we showed the measured data of pupil diameter as supplementary information.




Results


Participants

Seven healthy young adults joined the experiment: four men and three women, 29 ± 4 years old (range 25–36 years).



Displacement of Gaze Direction in Degrees and Pupil Position

Figure 5 shows the displacement of gaze direction on X axis from the origin (see Figure 1 for the coordinate system of VIVE Pro Eye). Separating the processed data depending on eyes (i.e., left and right), saccade tasks (i.e., pro- and anti-), and data types (i.e., gaze direction in degrees and normalized pupil position), we extracted each saccade trial of each participant and overlap each displacement waveform of each trial in a single figure.




Figure 5 | Displacement of gaze direction in degrees and normalized pupil position on X axis from the origin; The data of all the saccade trials of all the participants are overlapped within the same time period from the time when the red target appears to the time 800 ms after the target appears (Blue dots: gaze toward the left; Orange dots: gaze toward the right).





Oculo-Metrics of Latency, Peak Velocity, and Error Rate of Saccadic Eye Movement, and Pupillary Response

Figure 6 illustrates the data distribution of the parameters: latency, peak velocity, and error rate of each pro- and anti-saccade task of each eye from all the participants. The first row of the figure is the result from gaze direction data in degrees and the second row is the result from normalized pupil position data. Figure 7 shows the changes of pupil diameter of left and right eyes during each pro- and anti-saccade task in each participant. Each sub-figure illustrates the changes of pupillary response over the 120 saccade trials. Table 3 shows the mean and standard deviation (SD) of each ocular parameter averaged over all the participants.




Figure 6 | Data distribution of parameters; latency, peak velocity, and error rate of saccadic eye movement of each eye in each pro- and anti-saccade task of all the participants (Pro, Pro-saccade; Anti, Anti-saccade; L, Left eye; R, Right eye).






Figure 7 | Pupil diameter of each left and right eye in each pro- and anti-saccade task of all the participants.




Table 3 | Oculo-metrics of saccadic eye movement and pupillary response.





Sampling Interval of Eye Tracking

Figure 8 shows the sampling interval of eye tracking recorded with Unix time on Unity and with time stamp from SRanipal SDK of each participant. We particularly visualized the sampling interval of the first 3600 samples that we recorded; we assumed 30 s of recording time at the sampling frequency of 120 Hz. X axis is the order of samples and Y axis is the sampling interval in milliseconds between the samples. Each sub-figure shows two types of data: raw data and filtered data. We filtered the data of Unix time with a median filter with an order of 10 and the data of SRanipal time stamp with a moving average filter with a window size of 5. We then estimated the point where the sampling interval became smaller than 8 ms, as highlighted with red dash lines, by using the filtered data.




Figure 8 | Sampling interval calculated with Unix time on Unity and time stamp from SRanipal SDK of all the participants; Blue line shows the unfiltered data and yellow line shows the filtered data.






Discussion


Displacement Data of Gaze Direction and Pupil Position

The first four sub-figures in Figure 5 visualize the displacement of gaze direction in degrees both for each left and right eye in each pro- and anti-saccade task of all the participants. A clear difference between the eyes is not observed in both saccade tasks. On the other hand, we see differences between the saccade tasks visually. While the subjects moved their eyes almost precisely toward the red target at ±8° from the origin that was positioned as designed in Figure 3 in the pro-saccade task: 7.3 ± 1.3° for left eye, 7.4 ± 1.2° for right eye, we observe a larger variability ranging from around ±3° to ±20° in the anti-saccade task: 8.3 ± 4.8° for left eye, 8.2 ± 4.9° for right eye. In addition, we visually see longer latency and more reflexive responses between 200 and 300 ms in the anti-saccade task compared to pro-saccade task; latency is 220.40 ± 43.16 ms in the pro-saccade task and 343.35 ± 76.42 ms in the anti-saccade task, and reflexive responses are observed for 1.4% of all the trials from all the participants in the pro-saccade task and for 13.2% in the anti-saccade task when we define the reflexive response as a movement of eyes that shift from the central white target toward the erroneous direction over 3°. The reflexive response is usually observed in anti-saccade task because we automatically respond to the red stimulus target when it appears, despite being aware that we need to gaze at the opposite direction to the target (31).

The last four sub-figures show the displacement of normalized pupil position. When the waveforms are compared between the eyes, the values are generally larger in the left eye: the data range from 0.4 to 0.65 in the pro-saccade task and from 0.3 to 0.68 in the anti-saccade task for the left eye, whereas we observe the data between 0.33 and 0.58 in the pro-saccade task and between 0.22 and 0.6 in the anti-saccade task for the right eye. Moreover, when we look at the waveforms in the first 100 ms, we see the pupil position varies depending on the participants in comparison with the gaze direction data. These may be caused by a computational process embedded in the SRanipal SDK to convert the raw gaze data to the normalized pupil position data. Similar to the gaze direction waveforms, the pupil position waveforms also illustrate larger variability and longer latency in the anti-saccade task, although the reflexive responses are less distinguishable.



Latency, Peak Velocity, and Error Rate of Saccadic Eye Movement


Comparison Between Data Types, Saccade Types, and Eyes

We statistically compared the calculated data of latency and error rate of saccadic eye movement between two data types: gaze direction data type in degrees and normalized pupil position data type. Wilcoxon signed-rank test showed no significant difference at the significance level of 5% between the data types: P = 0.75 for latency, P = 0.98 for SD of latency, and P > 0.999 for error rate in the pro-saccade task, and P = 0.73 for latency, P = 0.77 for SD of latency, and P = 0.56 for error rate in the antisaccade task. In addition, we found significant differences between pro- and anti-saccade tasks in latency (P < 0.001), SD of latency (P < 0.001), and peak velocity (P < 0.001), but not in SD of peak velocity (P = 0.77) and error rate (P = 0.07). We also compared the data between left and right eyes, finding no significant differences: P = 0.97 for latency, P = 0.99 for SD of latency, P = 0.16 for peak velocity, P = 0.51 for SD of peak velocity, and P = 0.82 in error rate. Thus, if latency and error rate are main oculo-metrics in saccadic eye movement assessment, both of gaze direction data in degrees and normalized pupil position data can be used. Only gaze direction data can compute peak velocity of saccades.



Comparison With the Results of Previous Studies

Previous studies investigated saccadic eye movement of healthy populations at different ages using a 2D monitor-based assessment system. We compared our results with those studies.

Pro-saccadic eye movement was assessed in 100 healthy subjects at the age between 6 and 76 years, using an infrared video-based eye tracking technique with a sampling frequency of 220 Hz (28). The stimulus target was shown at ±5°, ± 15°, and ±30° horizontally. The criteria of saccade detection were 1) the velocity was over ±100°/s, 2) the evaluation duration was 500 ms after the stimulus target appeared, and 3) the amplitude was more than 0.5 of the relevant target displacement. The result showed that the latency of pro-saccade task ranged approximately from 110 and 260 ms for the population at the age between 20 and 39 years. Peak velocity increased as the position of target was placed farther from the center of visual field. The peak velocity was almost between 80 and 290°/s when the target appeared at ±5°, whereas the velocity ranged from 250 to 500°/s when the target was positioned at ±15°. Another study also researched age-related changes of eye movement in 250 healthy people at the age between 18 and 70 years, using an infrared-based video-oculography (VOG) (32). The study defined the criteria of saccade detection: 1) the amplitude of eye movement was over 10°, 2) the evaluation duration was within 500 ms after the appearance of stimulus target, and 3) the saccade amplitude was over 10% of the target amplitude. The study found that the latency of pro-saccade task was 237.24 ± 18.23 ms in the leftward saccade and 265.34 ± 35.84 ms in the rightward saccade for the subjects at the age between 18 and 30 years (Group A), and was 241.44 ± 24.80 ms in the leftward saccade and 252.26 ± 37.65 ms in the rightward saccade for the population group at the age between 31 and 40 years (Group B). The research also reported the peak velocity: 245.30 ± 78.20°/s in the leftward saccade and 237.52 ± 75.64°/s in the rightward saccade for the Group A and 228.28 ± 66.29°/s in the leftward saccade and 226.50 ± 67.06°/s in the rightward saccade for the Group B.

On the other hand, another study investigated both pro- and anti-saccadic eye movement tasks in 1,058 healthy young adults at the age between 16 and 40 years, with an infrared-based oculography recording the ocular motions at 1 kHz (33). The saccade task started with presenting a target at the center of visual field for a random period between 500 and 1,500 ms and then a stimulus target at one of the ten horizontal positions: ± 3°, ± 6°, ± 9°, ± 12°, and ±15° for 600 ms in the pro-saccade task and 1,000 ms in the anti-saccade task. The pro-saccade task consisted of 200 trials in total and the anti-saccade task consisted of 50 trials. After the recorded data were filtered with a 300 Hz low-pass filter, the saccade in each trial was detected based on both eye acceleration and eye velocity criteria. Specifically, the presence of saccade was detected if the eye acceleration data exceeded a threshold: six times the median value of the SD of the acceleration data in the first 80 ms of all the trials in each person, or if the absolute value of eye velocity exceeded 50°/s. Then, the study defined borders of the saccades as the areas where the eye velocity was less than three times the median value of the SD of the eye velocity data measured in the first 80 ms of all the trials in each participant. The research observed the latency of 177.2 ± 18.52 ms (range: 142 ∼ 322 ms) for the pro-saccade case and of 305.5 ± 43.06 ms (range: 113 ∼ 539 ms) for the anti-saccade case. The error rate of the anti-saccade task was 37.7 ± 21.5%. Saccadic eye movement was also inspected with an EOG device recording ocular movement at 500 Hz sampling frequency in 168 healthy subjects at the age between 5 and 79 years (34). The study arranged two different types of saccade task conditions: 1) overlap condition where a target appearing at the center of visual field remained illuminated when a stimulus target appeared and 2) gap condition where after the central target disappeared, no target was shown for 200 ms and then the stimulus target came out. In each condition, the stimulus target appeared at ±20° from the center and remained illuminated for 1 s. 120 trials of pro-saccade test and 240 trials of anti-saccade test were tested. The saccade was detected when the eye velocity exceeded 30°/s in the evaluation duration between 90 and 1,000 ms. The results revealed that the mean latency of saccadic eye movement over the participants was 224.71 ms for the pro-saccade and 307.14 ms for the anti-saccade in the gap condition, while the mean latency was 280.01 ms for the pro-saccade and 357.77 ms for the anti-saccade in the overlap condition. However, the latency was clearly shorter for the young population in the study. The error rate of anti-saccade task ranged from 0 to 48% for the participants at the age between 20 and 40 years. Moreover, a regression analysis was performed in 327 healthy subjects aged between 9 and 88 years, using an infrared reflection devise (35). The study measured both pro- and anti-saccadic eye movement for 200 trials in each. Overlap condition was utilized in the pro-saccade test where 1.2 s after a central fixed point was shown in the middle of a monitor, a stimulus target appeared at ±4° from the center and then remained brightened for 1 s. Gap condition was used in the anti-saccade test where the central target disappeared 0.2 s before the onset of the stimulus target and then the stimulus target remained visible for 1 s. Saccade onset was defined by an eye velocity threshold of 20°/s and latency of saccadic eye movement was computed in the time range of 136 ∼ 700 ms. In addition, pro-saccadic eye movement during the anti-saccade task was considered as an error if the latency of eye movement was longer than 80 ms. The study results indicated that the latency ranged nearly from 125 to 290 ms (SD: 18 ∼ 102 ms) for the pro-saccade task and from 150 to 380 ms for the anti-saccade task in the participants aged between 25 and 37 years.

In summary, while the prior studies discussed above used different measurement protocols in terms of position of stimulus target, configuration on time domain (i.e., gap or overlap condition, duration of illumination of targets on monitor), saccade detection algorithm, sampling frequency of eye tracking device, monitor specification, target population, and sample size, the descriptive statistics show that our results of latency, peak velocity, and error rate are within the range of or close to the results of these previous studies. Therefore, this seems to indicate that the HTC VIVE Pro Eye could be useful as an assessment tool of saccadic eye movement for the specific oculo-metrics.




Pupillary Response

On the whole, Figure 7 shows that the pupil diameter did not fluctuate widely during each pro- and anti-saccade task for both eyes, while we observe some differences between the participants. Specifically, subject #7 showed smaller pupil diameter than the others. This may be because subject #7 wore glasses during the measurement. Iris color might not cause the differences in pupil diameter between the participants as reported in (36). A previous research measured changes of pupil diameter under the different luminance conditions in 155 healthy people with the mean age of 29.7 ± 17.8 years and the age range of 6 ∼ 64 years (37). The measurement was conducted under four different illumination levels: scotopic (0.1 cd/m2), mesopic (1 cd/m2), low photopic (10 cd/m2), and high photopic (100 cd/m2) visions. The study observed the pupil diameter of 5.4 ± 0.7 mm and 3.9 ± 0.4 mm for the subjects aged between 21 and 30 years and of 4.4 ± 0.5 mm and 3.5 ± 0.5 mm for the subjects aged between 31 and 40 years in mesopic and low photopic visions respectively. Another study also inspected the changes of pupillary response at five luminance levels: 0, 0.5, 4, 32, and 250 cd/m2 in 245 healthy population (mean age: 51.9 ± 18.3 years; age range: 6 ∼ 87 years) (38). The research found a mean pupil diameter of 5.39 ± 1.04 mm at 0 cd/m2, 5.20 ± 1.00 mm at 0.5 cd/m2, 4.70 ± 0.97 mm at 4 cd/m2, 3.74 ± 0.78 mm at 32 cd/m2, and 2.84 ± 0.50 mm at 250 cd/m2 and decreasing pupil size with increasing age. Moreover, a different research evaluated reliability of pupil diameter measurement in 416 healthy participants across diverse demographics with the mean age of 42 ± 8.7 years and the age range from 18 to 73 years (39). The research used an infrared eye tracking technique with a 2D monitor with 85 cd/m2 luminance in a room at 344 cd/m2 luminance level, revealing that the mean pupil diameter was 3.53 ± 0.26 mm for right eye and 3.54 ± 0.28 mm for left eye and that the test-to-test reliability was strong. When we compare our experiment results (see Table 3) with those in the previous studies mentioned above, we conclude that the eye tracking device in HTC VIVE Pro Eye also measures pupillary response properly. While it is difficult to compare the results precisely, our data are in the range of or close to the measured mean pupil diameter of the prior studies. Future studies should, however, determine the test-retest reliability of our approach in predefined target populations to substantiate this assumption.



Sampling of Eye Tracking

The eye tracker on VIVE Pro Eye samples eye movement at the maximum frequency of 120 Hz. When ocular motions are sampled at 120 Hz, the sampling interval is 8.33 ms. We report the following findings related to the sampling of the eye tracker.

First, we observe that the sampling interval is longer than 8.33 ms for most of the first 2,000 ∼ 3,000 samples for all the participants in both time measurement parameters: Unix time and SRanipal time stamp as shown in Figure 8. Specifically, we find that the sampling interval decreased to the expected value of around 8 ∼ 9 ms, 19 ∼ 28 s after the sampling started as highlighted with the red dash lines in Figure 8. The time when the sampling interval changes varies depending on the participants, though the timing is similar or quite close between the two time measurement parameters. We suppose that the longer sampling interval may occur because of processing speed of C# programming on Unity. As explained on our GitHub website: https://github.com/MotorControlLearning we recorded eye movement with using the callback function. More specifically, we implemented a while loop in the callback function to keep recording ocular motions while the saccadic eye movement task was performed. Assuming that the processing speed of the while loop might cause the longer sampling interval (40), we further investigated the computation of while loop. We created a simple while loop on C# programming and measured the processing speed of the simple while loop of 12,000 times in four different configurations: 1) Unity on Windows operating system (OS) that was used in the measurement of saccadic eye movement in this study, 2) Visual Studio on Windows OS (without Unity), 3) Unity on Mac OS (Apple MacBook Pro, Retina, 15-inch, Late 2013, 16-GB memory, 2.3-GHz Quad-Core Intel Core i7-4850HQ), and 4) Visual Studio on Mac OS. As a result, we found that the processing time of the simple while loop was longer than 8.33 ms for the configuration of Unity on Windows OS at some samples in the first 29.4 s after the program was executed (see Figure 9). In addition, we observe that the processing speed decreased to less than 8 ms, 29.4 s after the while loop program started. On the other hand, while the longer processing time than 8.33 ms was also observed for the configuration of Visual Studio on Windows OS, we saw the situation less frequently than the configuration of Unity on Windows OS as the total processing time explained: 54.9 s for Unity on Windows OS and 47.4 s for Visual Studio on Windows OS. Interestingly, we discovered that the processing time was much shorter on Mac OS than Windows OS as shown in Figure 9. The processing time of each while loop was less than 5 ms for the configurations with Mac OS and the total processing speed was 2.8 s for Unity on Mac OS and 1.3 s for Visual Studio on Mac OS despite that the technical specification of the Mac laptop was lower than the computer with Windows OS. Since we needed to use the computer with Windows OS to provide enough power to support HTC VIVE Pro Eye and to sample eye movements at the maximum sampling frequency of 120 Hz, we intentionally had a non-assessment period over 30 s after the recording of eye movement started to wait for the sampling interval to get close to the expected value of 8.33 ms. Therefore, we recommend setting the non-assessment period for over 30 s in the initial measurement phase if Windows OS is used and the maximum sampling of 120 Hz is necessary. However, it is also important to note that the duration of 30 s may not be enough occasionally since we have observed that the longer processing time continued even after the 30 s with around 3 ∼ 5% possibility. If a laptop with Mac OS meets the requirements of HTC VIVE Pro Eye, the issue would not be encountered, though we recommend evaluating whether the problem occurs on any configurations.




Figure 9 | Evaluation of a while loop for 12,000 times on Unity and Visual Studio on Windows and Mac operating systems.



Second, we find that the time stamp recorded in SRanipal SDK sometimes becomes zero while the time recorded with Unix time does not reach zero as visually confirmed in Figure 8. We consider two reasons for the finding. First reason is a software bug of SRanipal SDK. When we inspected the recorded data of time stamp, frame, and pupil diameter specific to two consecutive samples, we found that the pupil diameter of left eye changed from 4.857666 to 4.847290 mm and the pupil diameter of right eye also changed from 4.549805 to 4.549103 mm, whereas the values of time stamp and frame did not change. If the time stamp value had been the same for these two samples, the same pupillary response should have been recorded. We reported the finding on HTC developer community forum and HTC confirmed the problem as of the 3rd of December in 2019. Due to the issue, we did not use the time data of time stamp recorded by SRanipal SDK in the data analysis of saccadic eye movement and used the data of Unix time instead. HTC plans to fix the issue in the next version of SRanipal SDK. Second reason is processing speed of C# programming on Unity. As illustrated in Figure 9, the processing time measured with the configuration of Unity on Windows OS fluctuates between 3.9 and 8.5 ms. Since the sampling interval of eye tracker is 8.33 ms, it is possible for the computer to record the same sample twice in the while loop (40). For instance, if the computer records the data of eye movements in the processing time of 4 ms, the computer possibly activates the clock signal twice within the period of the sampling interval of eye tracking, 8.33 ms, as illustrated in Case B of Figure 10. This means that the computer records the same sample (ith sample in Case B of Figure 10) twice continuously. The situation happens more frequently especially when the timing of clock activation and the sampling of eye tracker are close to each other. To summarize, if the next version of SRanipal SDK solves the issue of time stamp and we eliminate the duplicated data due to recording the same sample twice, we could utilize the time stamp data recorded by SRanipal SDK for the data analysis of saccadic eye movement with more accuracy. A consequence of our observation is also related to the replicability of existing research. It seems important for researchers to pay attention to the hardware configuration of their experimental set-up when one of the aims of their research is to replicate findings that were previously reported for saccadic eye movement behaviors.




Figure 10 | Detailed sampling interval based on the time stamp recorded with SRanipal SDK and visual explanation of relation between sampling of eye tracker and clock signal of computer.



Third, while the time stamp recorded by SRanipal SDK needs to be improved as mentioned above, we notice that the time stamp values fluctuate; the calculated sampling interval from the time stamp data recorded with SRanipal SDK becomes 8, 9, 16, or 17 ms as a portion of the data of subject #7 shows in Figure 10. We subcategories these four values into two sets: 1) 8 and 9 ms, and 2) 16 and 17 ms. We suppose that the two sets are observed because of the relation of timing between the sampling of the eye tracker and the clock signal of the computer (40). In particular, it is possible to see the first set of 8 and 9 ms if Case A occurs as explained in Figure 10, while we possibly encounter Case C where we cannot record the ith sample because of longer processing time of the computer than the sampling interval of 8.33 ms, causing the calculated sampling interval to become 16 or 17 ms. In addition, we see the difference of 1 ms in each set. The difference might be caused by the computational calculation of time stamp data of Tobii eye tracker as discussed in the white paper published from Tobii Technology (41). Although the paper refers to previous Tobii products using an eye tracker with sampling frequency of 60 Hz, it states that there is the uncertainty in the time stamp data with a nominal value of 1 ms. Therefore, if the Tobii eye tracker integrated in HTC VIVE Pro Eye also has the similar uncertainty, we could also observe the 1 ms difference in our measured data.

In this section, we have reported our findings regarding the sampling technique of eye tracking used in HTC VIVE Pro Eye. From what we have investigated, we recommend evaluating the capability of sampling of VIVE Pro Eye in the development phase especially if temporal parameters of eye movement are investigated and the maximum sampling frequency at 120 Hz is required. Specifically, if the similar experimental system to ours using Unity on Windows OS is used, we would suggest setting a non-assessment period more than 30 s after the eye tracker starts to record. The waiting could lead the system to record the data at the interval of 8.33 ms more frequently. Nonetheless, the non-assessment period may not be needed depending on the OS and hardware configuration of the computer. Finally, since the next version of SRanipal SDK is going to fix the problem of time stamp data as explained above, we propose trying the next version when it is released. If the new version provides the time stamp data correctly, we could improve the precision of the calculated oculo-metrics of saccadic eye movement by using the time stamp instead of Unix time because the time stamp data are supposed to provide more accurate time data with considering the image delivery time from the tracking sensor to the eye tracker firmware as discussed in Tobbi Technology (41).



Limitations and Improvements


Measurement Protocol of Saccadic Eye Movement Assessment

The main purpose of this study was to evaluate whether HTC VIVE Pro Eye could be used as an assessment tool of saccadic eye movement. While we have observed that the device can function as an assessment tool by comparing our results with the descriptive statistics of previous studies, one of the aspects in our study that could be perceived as a limitation is that our sample size is small and the age-group is specific to a young and healthy population. The assessment ultimately targets individuals prone to develop cognitive impairments that expectedly are older than the assessed convenience sample. In these elderly people, issues of attitudes and acceptance with VR headsets might result in differing findings. In that sense, our results are first indicative findings that should be replicated with older individuals. Recent research revealed, however, that the approach of wearing VR headsets seems feasible also in older adults with cognitive and/or physical impairments (42). Further measurement with an increasing sample size and diverse demographic groups, and the direct comparison with the data obtained with a highly reliable and high-spec VOG device would provide more detailed, broad, and reliable results. In addition, as research has been undertaken to discuss the saccade detection algorithm, our algorithm could be also enhanced for more accurate saccade detection. Finally, sampling frequency of eye tracking device can be also an important factor as discussed in (43, 44). While higher sampling frequency costs more in terms of price and power consumption of eye tracking device, lower sampling frequency may lead us to misestimate the saccade detection. It would be important to find the appropriate sampling frequency, considering the proper balance of cost and reliability of a device.



Measurement Parameters

As discussed in the previous sections, the time stamp data recorded with the present version of SRanipal SDK (version 1.1.0.1) needs to be improved. In addition to the time stamp, the following parameters have not been supported yet, as far as we have confirmed with HTC. The future version of SRanipal SDK would implement further update to validate these parameters.

	 int timestamp


	 bool convergence_distance_validity (combined eye data)


	 float convergence_distance_mm (combined eye data)


	 float eye_squeeze (eye expression data)


	 float eye_frown (eye expression data)




Finally, we were not able to calculate the peak velocity of saccadic eye movement when we used the normalized pupil position data. Nonetheless, if a conversion mapping between normalized screen coordinate and degrees is available, we could also calculate the peak velocity from the pupil position data.



Evaluation of Ocular Dominance

Ocular dominance is one of the important factors that could affect the results of saccadic eye movement. A previous study observed that eye dominance influenced saccade amplitude as the participants with strong ocular dominance reached more accurate saccades toward the target in the hemifield opposite to the side of dominant eye than in the same side (45). While our investigation has shown that both gaze direction and pupil position data can be used to evaluate latency and error rate of saccadic eye movement, ocular dominance as well as peak velocity of saccades could be evaluated with only gaze direction data. As discussed in the previous section, we observed visually the difference in the range of eye movement between left and right eyes in the normalized pupil position data, whereas the clear visual difference was not seen in the gaze direction data (see Figure 5). The difference seen in the pupil position data could not be due to the factor of ocular dominance because we should have seen the similar difference in the gaze direction data if eye dominance caused the difference. Therefore, we suppose that gaze direction data would be a proper data set when ocular dominance is inspected.




Potential of HMD-VR Technology

While we designed a simple VR environment to simulate a situation of conventional 2D graphic display, the VR headset has a unique and novel potential in providing immersive VR environments. A previous review suggested the benefits of VR-based measures in its sensitivity of detecting cognitive impairments (21). Another study also emphasized the importance of taking advantage of immersive VR environments for the assessment of AD (46). Assessment of saccadic eye movement with various levels of immersion in VR environments could lead us to new research findings. Moreover, while we target at using the VR headset for the saccadic eye movement of neurodegenerative disorders, the device could become an alternative assessment tool in different fields. For example, if the VR headset is combined with a postural assessment device, we could stimulate postural sway with immersive VR environments and achieve a cost-efficient and portable assessment system to measure in a small space, instead of being restricted to dedicated laboratories with non-transportable systems for the balance assessment (47). Future studies integrating the VR device bear potential for assessments of diverse research fields.




Conclusion

In our growing ageing society globally, neurodegenerative disorders are becoming a more relevant problem. Assessment of saccadic eye movement in those suffering from the disorders could be a promising way to diagnose them in a simple, time-efficient, and low-cost manner. Along with the advanced technologies of video-based eye tracking and VR, HTC launched a VR headset, VIVE Pro Eye, consisting of an infrared-based eye tracker and HMD. The purpose of this study was therefore to evaluate whether the VIVE Pro Eye could be used as an assessment tool of saccadic eye movement. We measured saccadic eye movement of seven healthy young adults using the product, following an internationally proposed standard protocol of saccade measurement. Our investigation results suggest that VIVE Pro Eye can function as an assessment device of saccadic eye movement and record the data necessary to calculate the oculo-metrics of latency, peak velocity, and error rate of saccades, and pupillary response. We also found technical limitations related to the eye tracking, especially about time-related measurement parameters. Further improvements in the provided SDK and the measurement protocol including saccade detection algorithm, and more measurements with diverse age-groups and those with different health conditions are necessary to enhance the whole assessment system of saccadic eye movement.
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New technologies (e.g., smartphones) have made it easier to conduct Experience Sampling Method (ESM) studies and thereby collect longitudinal data in situ. However, limiting interruption burden (i.e., the strain of being pulled out of everyday life) remains a challenge, especially when assessments are frequent and/or must be made immediately after an event, such as when capturing the severity of clinical symptoms in everyday life. Here, we describe a wrist-worn microcomputer programmed with a Physical Analogue Scale (PAS) as a novel approach to ESM in everyday life. The PAS uses the position of a participant's forearm between flat and fully upright as a response scale like a Visual Analogue Scale (VAS) uses continuous ratings on a horizontal line. We present data from two pilot studies (4-week field study and lab study) and data from a 2-week ESM study on social media ostracism (i.e., when one's social media message is ignored; N = 53 participants and 2,272 event- and time-based assessments) to demonstrate the feasibility of this novel approach for event- and time-based assessments, and highlight advantages of our approach. PAS angles were accurate and reliable, and VAS and PAS values were highly correlated. Furthermore, we replicated past research on cyber ostracism, by finding that being ignored resulted in significantly stronger feelings of being offended, which was more pronounced when ignored by a group compared to a single person. Furthermore, participants did not find it overly difficult to complete the assessments using the wearable and the PAS. We suggest that the PAS is a valid measurement procedure in order to assess fleeting and/or frequent micro-situations in everyday life. The source code and administration application are freely available.

Keywords: experience sampling method (ESM)/ecological momentary assessment (EMA), wearable devices, cyber ostracism, digital phenotyping, indirect assessment


INTRODUCTION

The Experience Sampling Method (ESM)—that is, the collection of longitudinal data from participants in their everyday lives—has not only contributed to psychologists' understanding of how people behave in the real world (1), but has also enhanced understanding in other disciplines, such as psychiatry [see special issue (2)] and economics (3). Relative to cross-sectional and laboratory studies, ESM reduces recall bias, provides temporally-dense profiles of each participant, and results may be more externally valid because they capture psychological phenomena in participants' natural environments. Smartphones and wearable microcomputers have recently made it easier to conduct ESM studies (4, 5). However, limiting interruption burden (i.e., the strain of being pulled out of everyday life) remains a challenge, especially when participants must make frequent and/or immediate assessments, such as when capturing the severity of symptoms in everyday life [i.e., (5, 6)]. High interruption burden might result in low compliance, which results in missing data, which in turn may introduce measurement error and selection bias, i.e., data quality decreases and the advantages of ESM studies vanish. Here, we describe how a wearable microcomputer programmed with a Physical Analogue Scale (PAS) can be used to assess fleeting and/or frequent events in everyday life. We utilize data from two pilot studies and an ESM study on social media ostracism to demonstrate the advantages of our approach for reliable and accurate event- and time-based assessments.


Experience Sampling Method With Smartphones and Wearables

Smartphones are now commonly used in ESM studies (7, 8), with wearable microcomputers (typically worn on the wrist) also increasingly used [e.g., (5, 9, 10); for a review, see (11)]. Although smartphones and wearables have a number of advantages over traditional paper-and-pencil diaries [e.g., the possibility of timestamping data, (12)], limiting interruption burden remains a challenge. Participants are sometimes unwilling to go through the onerous process of removing and unlocking a smartphone, opening the application, carrying out the assessment, closing the application, turning off the smartphone, and replacing it; that is, their commitment may sometimes dramatically decrease when they have to respond very frequently (9). Furthermore, participants may sometimes find it difficult to comply with lengthy procedures (e.g., in job situations; while driving), resulting in delayed assessments.

Relative to smartphones, wearables offer shorter access time (13), are more comfortable (14), and allow researchers to use more reliable tactile vs. auditory signals (10). However, many existing wearables are still rather bulky, expensive, and need to be recharged frequently (15). Some wearables only work in combination with a smartphone (e.g., many commercially-available smartwatches) and use proprietary software. Furthermore, their small displays make it difficult to use text-based instructions or response scales.



A Novel Approach: The Sensor-Based Physical Analogue Scale

To address the disadvantages of existing approaches and take advantage of sensor-based data (16), we programmed a wrist-worn wearable with a PAS. The PAS uses the position of a participant's forearm as a continuous response scale. Specifically, participants indicate a response by positioning their forearm flat (0° = lowest scale value), in a fully upright position (90° = highest scale value), or somewhere in-between (see Figure 1). Participants press the wearable's button to record their response, at which point the built-in accelerator sensor determines, timestamps, and locally stores the angle. The PAS thus makes it possible to quickly and intuitively conduct assessments without questionnaires or visual response scales. Because interruption burden is low, the PAS also makes it possible to assess even very fleeting phenomena and/or conduct very frequent assessments, which may be especially useful for clinical psychologists and psychiatrists, for whom symptoms could be assessed longitudinally rather than requiring memory of symptomatology in anamnesis (6). Because the PAS also allows for continuous measurement, it can be compared to Visual Analogue Scales (VAS), which are psychometric response scales where participants indicate a position on a graphically presented continuous line between two end-points.


[image: Figure 1]
FIGURE 1. The physical analogue scale.




Validating the Physical Analogue Scale: First Pilot Studies

In the first pilot study, we were interested in how well people are able to estimate a certain angle. With VAS, people can usually easily estimate, say, the middle of the scale, e.g., the middle of a graphically presented line. But how good are people when instructed to estimate the middle of a 90° angle? In an ESM field study (4 weeks duration), we instructed participants to estimate 45° when prompted by the wearable using a time-based sampling procedure with a haptic prompt.

In the second pilot study, we were interested in whether a PAS measurement comes to the same result as a VAS measurement. In a laboratory study, we asked participants to judge their extraversion using eight items, first in an online questionnaire using a VAS and later doing the same assessment using the wearable and the PAS.



Using the Physical Analogue Scale to Assess Fleeting and Frequently-Occurring Phenomena: The Example of Social Media Ostracism

To demonstrate both the feasibility of our approach for reliable and accurate event- and time-based assessments and the advantages of the wearable/PAS approach, we conducted an ESM study on the effects of social media ostracism (17). Many social media platforms now integrate a so-called “seen-function” for outgoing messages in their software, which signals to users when a recipient has seen their message (e.g., WhatsApp uses a gray tick-mark to indicate when a message has left the sender's device, two gray tick-marks to indicate when the message has been delivered, and two blue tick-marks once the recipient has seen the message). Knowing that someone has seen but not responded to a message (i.e., social media ostracism) may cause the sender to experience negative emotions, such as feeling ostracized and/or offended (18). Given the current permanently-online, permanently-connected zeitgeist (19), social media ostracism represents a frequently-occurring daily life event with immediate effects. Although social media ostracism occurs in people's everyday lives (18, 20, 21), thus far almost all studies on its effects have either been conducted in the laboratory or are cross-sectional [for exceptions, see (22, 23)]. Social media ostracism is thus an ideal micro-situation for showcasing the advantages of the wearable/PAS method.

Our main aim was to demonstrate the feasibility of our approach for reliable and accurate event- and time-based assessments and the advantages of the wearable/PAS method: if the method is valid, we should be able to replicate the results of previous research. Based on existing research (20, 22, 24), we had two hypotheses:

Hypothesis 1: People feel offended after experiencing social media ostracism (compared to their own personal baseline).

Hypothesis 2: People feel more offended when a group vs. a single recipient ignores a message.

We also analyzed the extent to which feeling offended generally (i.e., participants' personal baselines) was associated with several personal characteristics. We expected that feeling offended would be positively correlated with Neuroticism, narcissism, and perceived text message dependency, and negatively correlated with self-esteem (22) and collective self-esteem related to online groups (CSE-OG). We had no specific hypotheses about the relationships between feeling offended and the personality traits of Agreeableness, Conscientiousness, Openness to Experience, and Extraversion; their inclusion was purely exploratory (for study preregistration, see https://osf.io/7j3e9/).




METHODS—FIRST PILOT STUDY


Participants and Procedure

Eight subjects (75% female; Mage = 33.3, SDage = 9.59, range = 21–49 years) participated in this study. Six subjects used the wearable on their left arm and the other two on the right one (i.e., mostly the non-dominant hand). Data collection started on the same day for each participant and ended after 4 weeks. Participants were instructed to hold the forearm at an angle of 45° and press the button once whenever they were signaled by a haptic stimulus elicited by the wearable itself (time-based sampling procedure). During the data collection phase, participants were in diverse field settings, ranging from the office to leisure activities, such as 2-week hiking trips and journeys abroad.



Wearable

We developed software for a commercially available, openly programmable wearable from mbientlab (MMR+ wristband kit including microcomputer, eight MB memory, re-chargeable battery, case, elastic band, and coin vibrator motor: ~100$; https://mbientlab.com/metamotionr/). Participant data were stored on the wearable and uploaded at the end of the study onto the researchers' smartphone or tablet via a Bluetooth connection (without Internet). Although an integrated infrastructure with servers, databases, and administration interfaces would allow data to be processed in near real-time (25), we elected to use a different approach that does not require additional data security measures (e.g., firewalls, encryption). The wearable had one button and several built-in sensors (e.g., light intensity, acceleration, air pressure, gyroscope). For this study, only the button and the acceleration sensor were enabled and used. The source code and administration application (Android) is freely available (see Open Practices Section). We used the following configuration, which represents a time-based ESM study with three time-points per day. Random signal time points within the following time frames: 8 a.m. to 11 a.m., 11 a.m. to 2 p.m., 2 p.m. to 5 p.m.



Wearable: Estimate 45° (Dependent Measure)

When participants pressed the wearable's button, the built-in accelerator sensor determined, timestamped, and stored its position in 3-dimensional space, and also saved the number of button presses1. The values for x-, y-, and z- were then transformed into an angle between 0° and 90° using the following formula:2
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RESULTS—FIRST PILOT STUDY

The mean angle over all measurements (n = 592) was 44.7° on average (SD = 10.38, Median = 45.3; one-sample t-test: t = −0.75, p = 0.454, reference value = 45). The mean angle across participants ranged from 41.1° to 48.2° (range of SD = 5.85–16.18). In general, participants were quite accurate in estimating the angle of 45° during the field phase of 4 weeks (see Figure 2), bearing in mind that the field settings were very diverse (from office settings to leisure activities like hiking).


[image: Figure 2]
FIGURE 2. Frequency histogram of all estimated 45° angles for each participant (represented by the wearable's MAC address). The red line marks the 45° from the instruction.




METHODS—SECOND PILOT STUDY


Participants and Procedure

Sixteen subjects (87.5% female; Mage = 22.7, SDage = 2.6, range 20–28 years) participated in this study. Fourteen subjects used the wearable on their left arm and the other two on the right one (i.e., mostly the non-dominant hand). Data collection was realized as a group administration in a classroom. In addition to some test measurements that are not part of this study, participants completed the Extraversion subscale of the BFI (26) on a smartphone using a VAS and in parallel using the PAS on the wearable. For the PAS, participants were instructed to hold the forearm in the desired angle and press the button once. A short haptic feedback was elicited by the wearable when the angle was successfully saved.



Material–Big Five Inventory [BFI: German Version (26)]

To keep the validation study short, we only assessed the Extraversion subscale (8 Items) of the BFI. For the smartphone administration, we used a VAS (0: does not apply at all, 100: applies very well) and for the wearable administration the PAS (0°: does not apply at all, 90°: applies very well).



Statistical Analyses

We used SPSS (v. 26) to conduct all statistical analyses. We calculated Cronbach α, Pearson correlations, and curve estimation regression analyses to check for linearity between VAS and PAS.




RESULTS—SECOND PILOT STUDY

All extraversion items were highly intercorrelated between the PAS and VAS (rs between 0.63 and 0.94, for more details and descriptives, see Supplementary Table 1). Furthermore, reliabilities were all very good (Cronbach α: αVAS = 0.93; αPAS = 0.83) but descriptively slightly lower for the PAS. Extraversion mean scores of the VAS and PAS were highly correlated (r = 0.95, p < 0.001). To analyze if the relationship between PAS and VAS scores was linear, we calculated a curve estimation regression analysis. It could be that participants when using the PAS were better at differentiating at lower PAS angles but coarser at higher angles (lower angles might be easier to establish than higher angles were the forearm is in an almost upright position). If this was the case, the relationship between PAS and VAS should not be linear. A curve estimation regression did not find substantial differences between linear (R2 = 0.907), logarithmic (R2 = 0.886), quadratic (R2 = 0.910), and exponential (R2 = 0.905) curve estimations regarding their explained variance levels (see also Figure 3).


[image: Figure 3]
FIGURE 3. Graphical results from the curve estimation regression—second pilot study.






METHODS—OSTRACISM STUDY


Participants and Procedure

The research project was conducted in February through April 2019 and participants were recruited on a rolling basis. Based on a power analysis for multi-level designs [(27), p. 123ff], we determined that a minimum sample size of 23 participants with 14 observations each would be sufficient for revealing medium-sized effects of social media ostracism on offendedness [based on (24), we conservatively assumed an effect size of 0.3; α = 5%]. To account for drop-out, technical problems, and so forth, we aimed to recruit 60 participants.

We used a project homepage and a detailed information sheet to provide interested individuals with information about the study objectives and design. Participants were met face-to-face in order to provide them with a fuller description of the assessment procedures. After providing consent, research assistants handed out a wearable that could be easily worn on the wrist. Participants were asked to familiarize themselves with the wearable by clicking once and then waiting for the haptic confirmation (i.e., vibration), then twice, and finally three times. The principal investigators directly answered any questions. Participants also received a credit card-sized laminated information sheet with visual instructions for the PAS, a definition of feeling offended as the variable to be assessed (“Feeling offended: the experience that one's honor, values, and/or feelings having been disregarded or violated, and especially the feeling that one has been insulted”; definition of Kränkung from the German-language Wikipedia), and the researchers' contact information. Although the wearable's battery lasts up to 4 weeks, we instructed participants to charge the battery weekly with a USB charger.

Participants then wore the wearable in their everyday lives for 14 days. We collected both event-sampling and time-based sampling data. First, participants were instructed to press the button whenever a single recipient or a group had seen but not responded to their social media message, provided that the participant expected a response. Participants then used the PAS to indicate how offended they felt (event-based sampling). In addition, in order to assess how offended participants generally felt, participants used the PAS to indicate how offended they felt twice every day (time-based sampling). Specifically, the wearable was programmed to issue a vibration signal once between 10 a.m. and 4 p.m. and again sometime between 4 p.m. and 10 p.m., at which point participants used the PAS to indicate how offended they felt at that time. These assessments were used as a baseline measure (i.e., how offended they normally felt during the day). To submit a response, participants positioned their forearm to the appropriate position (from 0° = not at all offended to 90° = extremely offended) and then pressed the button: once when their message had been ignored by a single recipient, twice when their message had been ignored by a group, and three times for the time-based baseline assessments.

After the field phase, participants returned to the lab and completed an online questionnaire on a laptop computer. Participants entered the first four digits of the wearable's unique media access control address3 (printed on the case) so that questionnaire data could be matched with the wearable data while preserving anonymity. After completing the questionnaire, participants deposited the wearable into a box. Participants were thanked and debriefed, and those who wanted to be included in the raffle were asked to provide an email address.

We recruited a total of 59 participants from our social networks. To be eligible for participation, participants had to: (1) own a smartphone, (2) use social media (e.g., WhatsApp, Facebook, Twitter, Snapchat, etc.), and; (3) already use or be willing to activate the “seen function” for outgoing messages for the duration of the study. Six participants (10.2%) dropped out before the end of the study or refused to complete the final questionnaire. Reasons for the drop-out were assessed orally (e.g., unable to use wearables at work, infrequent use of social media, and lost wearables). The final sample size thus consisted of N = 53 participants.

Participants in the final sample were M = 26.5 years old (SD = 9.56, range = 18–57), predominantly women (81%), and from Austria. Most had completed secondary school (63.5%) or had a tertiary degree (26.3%) as their highest level of completed education. Participants were treated in accordance with the World Medical Association Declaration of Helsinki and with local ethical guidelines. They gave informed consent prior to participating. As an incentive, participants could voluntarily enter a raffle with the chance of winning two prizes worth 100 Euro each.


Wearable: Feeling Offended (Dependent Variable)

When participants pressed the wearable's button, the built-in accelerator sensor determined, timestamped, and stored its position in 3-dimensional space, and also saved the number of button presses. The values for x-, y-, and z- were then transformed into an angle between 0° (not at all offended) and 90° (extremely offended).



Online Questionnaire Measures

Measures are described in the order of their presentation in the questionnaire.


Demographics

Participants reported their age, sex (female/male/other), and highest level of completed education (categories).



Social Media Use

Participants responded to four items about their social media use during the field phase: “How many messages have you read in the last 14 days per day on average?,” “How many messages have you sent in the last 14 days per day on average?,” “For how many minutes per day on average have you passively used social media (e.g., reading tweets and Facebook posts, looking at Snapchat pictures, watching YouTube videos)?” and “For how many minutes per day on average have you actively used social media (e.g., writing posts)?” Underlining was used to stress the difference in item wording.



Interruption Burden

Participants indicated how difficult it was to conduct the assessments (1: not at all difficult, 9: very difficult) and how often they forgot to submit a rating over the 2-week period.



Self-Esteem

We used the German-version (28) of the Rosenberg Self Esteem Scale [RSES; (29)] to assess participants' global self-esteem. Participants used a 4-point scale (1: totally disagree, 4: totally agree) to respond to 10 items. Answers to the 10 items were averaged (α = 0.85).



Big Five Personality Traits

We used the German-version (26) of the BFI as in the second pilot study (30) to assess participants' personality traits. Participants used a 7-point scale (1: totally disagree; 7: totally agree) to respond to 44 items. Responses to items related to each trait were averaged (Neuroticism: 8 items, α = 0.63; Extraversion: 8 items, α = 0.80; Conscientiousness: 9 items, α = 0.69; Agreeableness: 9 items, α = 0.69; Openness: 10 items, α = 0.77).



Perceived Text Message Dependency

We used the Self-perception of Text-message Dependency Scale (31) to assess the extent to which participants perceived themselves as being psychologically dependent on receiving text messages. Scores on the original scale have adequate psychometric properties (32, 33). We translated the scale into German using the parallel blind technique (34). Participants used a 7-point scale (1: totally disagree; 7: totally agree) to respond to 15 items about three dimensions of text message dependency: Emotional Reaction (5 items, α = 0.83, e.g., “I feel disappointed if I don't get a reply to my message immediately”), Excessive Use (5 items, α = 0.85, e.g., “I consider myself a quick typist on mobile phones”), and Relationship Maintenance (5 items, α = 0.81, e.g., “I feel disappointed if I don't receive any text messages”). In the current study, we analyzed only overall scores (α = 0.68) to reduce the number of predictors included in the model (for intercorrelations between the subscales, see Supplementary Table 2).



Narcissism

We used a short version of the Narcissistic Admiration and Rivalry Questionnaire (35) to assess narcissism. Scores on the scale are reliable and valid (36). Participants used a 6-point scale (1: not agree at all, 6: agree completely) to indicate their agreement with six items. Scores on the scale can be computed to reflect overall narcissism score or two subdimensions of narcissism (35). Because the reliability for scores on one of the subdimensions was low (Admiration: α = 0.62; Rivalry dimension: α = 0.41), we analyzed only overall scores (α = 0.68).



Collective Self-Esteem Related to Online Groups

We used a translated and modified version of the Collective Self-Esteem scale [CSE; (37)] to assess participants' CSE-OG. We first translated the CSE into German using the parallel blind technique (34). We then modified the scale so that all items referred specifically to “online social groups” as opposed to “social groups” in general (i.e., CSE-OG). Participants used a 7-point scale (1: strongly disagree; 7: strongly agree) to respond to 16 items (e.g., “I am a worthy member of the online social groups I belong to”). Scores on the CSE can be calculated in terms of an overall or in terms of four subdimensions of collective self-esteem. Because the reliability of one subdimension of the adapted scale was low (Importance to Identity: α = 0.45; reliability of all other subdimensions ≥ 0.62), we analyzed only overall scores (α = 0.80).



General Comments and Comments About the Wearable

At the end of the online questionnaire, participants had the option of providing open comments (“Do you have any general comments about this wearable study?;” “Do you have comments about the wearable itself, e.g., the signals, which were sent out twice a day using vibration, and so forth?”). For results see, Supplementary Material.





Statistical Analyses

We used R [package lme4 (38), sjstats (39)] to conduct all statistical analyses (40). After a first inspection of the data, we did not exclude any participants even if participation in the longitudinal part stopped before the end of the study. First, we analyzed descriptive statistics (e.g., M, SD) and intercorrelations of all study variables. Next, we used a random-intercept, random-slope multi-level regression analysis to analyze the effect of social media ostracism (by either a single-recipient or a group) on how offended participants felt. The multi-level model accounts for the nested design of our study with measurement occasions (level 1) nested within persons (level 2). We created dummy variables for sex (female = 1, male = 2), being ignored by a single recipient (Single-chat), and being ignored by a group (Group-chat). We ran a baseline model without any predictors to determine the overall intraclass correlation (ICC, i.e., the extent to which how offended participants felt varied between people as opposed to across measurement occasions). We similarly calculated ICCs as indicators of test-retest reliability (i.e., the consistency of responses across measurement occasions; see Supplementary Material).

We then ran a model in which age, sex, self-esteem, Extraversion, Openness, Neuroticism, Agreeableness, Consciousness, text message dependency, narcissism, and CSE-OG were all simultaneously entered on level 2 [all were grand-mean centered except sex; (41)]. The saturated model is displayed below:

Level 1 (within person): Offendednessti = π0i + π1i Single-chatti + π2i Group-chatti +eti

Level 2 (between people): π0i = β00 + β01 Sexi + β02 Agei + β03 Self-Esteemi + β04 Extraversioni + β05 Neuroticismi + β06 Opennessi + β07 Agreeablenessi + β08 Consciousnessi + β09 Text-message Dependencyi + β010 Narcissismi + β011 CSE-OGi + r0i

Level 2: π1i = β10 + r1i

Level 2: π2i = β20 + r2i

We used Ω2–a generalized R2 for linear mixed effect models (42)—as a measure of explained variance, with Ω2 ≥ 0.01, 0.09, and 0.25, respectively, indicating small, medium, and large shares of explained variance, respectively.




RESULTS—OSTRACISM STUDY

A total of 2,588 responses were recorded (i.e., the angle from the accelerometer in combination with a single-, double-, or triple-button press). We deleted test responses (see Participants and Procedure section) as well as 55 (2.1%) responses that were followed by more than three button presses4. This resulted in a final sample of 2,272 assessments, of which 1,031 were time-based (triple-button press) and 1,241 followed an event of social media ostracism (991 times by a single recipient, i.e., single-button press; 250 times by a group, i.e., double-button press). The compliance rate (i.e., whether participants responded to the time-based assessment signals)5 dropped slightly over time (M = 59.4%; range: 39.8–75.4%; see Figure 4), whereas the final days showed the largest drop, probably due to participants erroneously assuming that the study had ended (i.e., non-response; from 53.4% on day 13 to 39.8% on day 14—the last day of study). If we correct the compliance rate by non-response, the drop in compliance rate is less steep. Drop-out attrition (i.e., leaving the study before the end) was 10% (n = 6) and no non-response attrition occurred (i.e., taking part in the study but not pressing the button). Supplementary Table 2 displays the variable intercorrelations and Supplementary Figure 1 displays the distribution of all responses (angles) separated by category (time-based, message ignored by a group, message ignored by a single-recipient). Both the event- and time-based PAS responses were highly consistent across measurement occasions (ICCs > 0.91, see Supplementary Material).
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FIGURE 4. Compliance rate of the time-based assessments and non-response before end of study.



Interruption Burden

Participants did not find it difficult to conduct the assessments (M = 2.4, SD = 1.9, Median = 2, range: 1–9; possible scale range: 1–9). Participants estimated that they forgot to submit M = 3.8 assessments (SD = 3.4; Median = 3; range: 0–15) during the 14-day data collection phase.



Social Media Use

During the 14 days of data collection, participants reported using social media actively for M = 41 minutes (SD = 30.8, Median = 30, range: 1–120) and passively for M = 80 minutes (SD = 65.3, Median = 60, range: 1–240) every day. They read M = 62 (SD = 137.8, Median = 30, range: 3–1,000) and wrote M = 34 (SD = 46.5, Median = 20, range: 2–300) social media messages each day. Thus, participants estimated that they wrote a total of 25,144 messages within the 14-day timeframe, implying that ~4.9% or one out of twenty of their messages was ignored.



People Feel More Offended After Experiencing Social Media Ostracism

The ICC for the null model was 8.9%, indicating that 8.9% of the observed variance in how offended participants felt was associated with differences between people, while 91.1% of the variance was associated with within-person differences across measurement occasions.

Table 1 displays the results of the multi-level analysis. The overall mean level of offendedness (intercept) was 13.5°. Participants felt significantly more offended when a single recipient ignored their message (7.0° more than their own baseline) and even more offended when they were ignored by a group of recipients (11.5° more than their own baseline). The difference between the increase in how offended participants felt after their message was ignored by a group vs. single-recipient was also significant (see Supplementary Table 3)6. This supports Hypothesis 1, as well as Hypothesis 2. In sum, the included predictors explained a substantial proportion of variance in how offended participants felt (Ω2 = 0.21).


Table 1. Results of the multi-level analysis.

[image: Table 1]



Between-Person Differences

None of the level 2 personal characteristics were significantly related to how offended participants generally felt (i.e., across measurement occasions). In follow-up analyses, we also checked whether any of the level 2 variables moderated the increase in how offended participants felt after experiencing social media ostracism (i.e., whether any of the level 2 variables predicted the slope of either the level 1 dummy variables “single-chat” or “group-chat”). Again, none of the interactions was significant (for details, see R-code in the online repository).




GENERAL DISCUSSION

Wearables programmed with a PAS have the potential to improve the assessment of frequently occurring and/or fleeting events in participants' everyday lives (5, 9, 10), which may be especially useful in clinical psychology and psychiatric settings where symptoms could be assessed longitudinally (6). In the first pilot study, we showed that participants could accurately estimate an angle of 45° using the PAS in a 4-week field setting. In the second pilot study (lab setting), we confirmed the validity of the PAS by comparing mean extraversion values between the PAS and VAS. Furthermore, the PAS had also comparable reliability to the VAS when assessing extraversion and both formed linear relationships. This suggests that differences in angles are probably equidistant along the measurement scale. Finally, we used data from an ESM study on social media ostracism as an example of a micro-situation that can be difficult to assess in laboratory settings or with traditional cross-sectional questionnaires, but feasible with wearables and the PAS. The wearable/PAS approach worked well. We successfully replicated past research on ostracism (21–23), which found negative effects on emotional states, belongingness (24), and heightened negative affect [for a review, see (43)]. In the present study, we also found negative effects of ostracism, i.e., being ignored online led to feelings of being offended in one-to-one chat situations (Hypothesis 1) and more so when ignored by a group (group chat: Hypothesis 2). Furthermore, our findings of a negative effect of ostracism are in line with other ESM studies on ostracism (22), although still, ESM research is rare (22, 23). Participants also did not find it difficult to complete the assessments and general comments suggested that most participants felt positive or at least neutral about the usage of a wearable (see also the results to the wearable-specific open questions in the Supplementary Material). Nevertheless, compliance rates gradually dropped during the study, with lowest compliance on the last day (see Figure 4). Future research needs to analyze the reasons for this in more detail. In the present study, it may have been an effect of the tactile vibration alarm (e.g., frequency and duration of vibration) or other problems (e.g., time-based signals too early or too late for some participants; see results in Supplementary Material).

Test-retest consistency of subsequent button presses (i.e., two- and three- button presses) was high. Although we did not investigate whether this extrapolates to button-presses with more time in between, this means that the sensors' measurement accuracy was high and, furthermore, that participants did not substantially change the angle of their forearm when pressing the button more than once. Although we investigated validity in rather small sample sizes, the findings suggest that usage of the PAS is feasible, well-accepted by participants, and easy-to-use (5, 9, 10).

Our main focus was on demonstrating the feasibility of our approach for reliable and accurate event- and time-based assessments and advantages of the wearable/PAS approach. Nevertheless, our results also make some important contributions to clinical research on ostracism. By using an ESM design, we were able to assess how often participants experienced social media ostracism in their everyday lives. We found that approximately every 20th message was ignored, causing our participants to feel offended several times a day. Given that people use social media all around the world (~65 billion messages are currently sent each day), the impact of social media ostracism may be a highly relevant experience for people around the globe. It therefore seems worthwhile to further analyze the short- and long-term consequences of social media ostracism.

Interestingly, offendedness differed predominantly within as opposed to between participants, and we found no evidence that personal characteristics (e.g., self-esteem, Big Five traits, text message dependency) explained differences in how offended people generally felt. This does not mean, however, that personal characteristics are completely unrelated to experiences of social media ostracism. Personal characteristics might, for example, matter more in the longer- than in the short-term [e.g., participants with high emotional stability might immediately feel offended by social media ostracism just like their peers, but might return to their baseline level faster; (22)]. Future studies on how the effects of social media ostracism unfold over time would be fruitful [for a similar approach to well-being, see (44)].


Potentials and Limitations of the Physical Analogue Scale and Other Sensor-Based Data Collection Procedures

With low interruption burden, long battery life, smartphone independence, and relatively low price (~100$), our wearable/PAS approach overcomes several of the challenges associated with previous data collection procedures. Although further validation studies are needed such as the accuracy of the sensors or study compliance in comparison with smartphones, we believe that the wearable/PAS approach offers not only psychologists and psychiatrists but also researchers in other disciplines (e.g., medicine, sociology) a valuable combination for studying micro-events in everyday life (e.g., clinical symptoms). It is another example of how computer science can extend the methods of other sciences, such as psychology (45) or physiology (5). At present, the wearable/PAS can only be used to assess a few items; however, applications could potentially be developed so that additional items could be presented on the touchscreen of existing smartwatches [e.g., using Android Wear; for example, see (5, 10)].

We see large potential for sensor-based scales like the PAS. We think that sensor-based scales are particularly well-suited to capture frequent and/or short-lived phenomena because of the low interruption burden. Furthermore, due to the unobtrusive assessment procedure of the PAS, we think our approach is suitable for the assessment of sensitive topics (e.g., sexuality, racism, suicidal thoughts, self-harming behavior like “cutting”). Aside from that, other sensor-based assessments could be developed in the future, such as using hand tilts as a response scale (46) or the acceleration with which one punches one's own fist into one's open hand as an intuitive measure of aggression. Of course, wearables and sensor-based data do not replace but rather complement more traditional methods. Furthermore, our approach probably will not work for every population and should be thoroughly thought out when planning a study based on the wearable/PAS approach. For example, Vega et al. (4) found, that paper/pencil diaries worked better than several digital measurement procedures in a sample of patients with Parkinson's disease.



Conclusion

Although further in-depth validation studies are needed, wearables might offer researchers the possibility of delving into participants' everyday lives more deeply than ever before (5, 6, 10) by being unobtrusive and inconspicuous. We have described how an inexpensive wearable programmed with the PAS can be used to assess frequent and/or fleeting events, supplementing past wearable developments. Our validity studies and application of the PAS suggest that the sensor-based PAS is an intuitive, easy-to-use scale for collecting data on how people feel and behave in the real world.
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FOOTNOTES

1For technical specifications, see https://mbientlab.com/metamotionr/.

2We assumed that participants would wear the wearable on the wrist of their non-dominant hand. However, some participants did not or changed the wearable from one hand to another during the data collection phase. We therefore had to use the absolute value of y, which effectively mirrors negative angles into positive angles.

3A media access control address is a unique identifier assigned to a network interface controller, such as a Bluetooth network device. Because wearables had a Bluetooth connection, each had a unique address.

4Some participants indicated difficulty feeling the resistance of the button. To reduce this error, we have adapted the software so that participants receive haptic feedback after every button press.

5Compliance rate = (responded to time-based signals / scheduled time-based signals) × 100.

6When taking the sign of the angle positive/ negative into account, the mean baseline level of offendedness is lower and the effect sizes of being ignored by a single-recipient and group are higher than reported here.
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Background: Many methods have been proposed to automatically identify the presence of mental illness, but these have mostly focused on one specific mental illness. In some non-professional scenarios, it would be more helpful to understand an individual's mental health status from all perspectives.

Methods: We recruited 100 participants. Their multi-dimensional psychological symptoms of mental health were evaluated using the Symptom Checklist 90 (SCL-90) and their facial movements under neutral stimulation were recorded using Microsoft Kinect. We extracted the time-series characteristics of the key points as the input, and the subscale scores of the SCL-90 as the output to build facial prediction models. Finally, the convergent validity, discriminant validity, criterion validity, and the split-half reliability were respectively assessed using a multitrait-multimethod matrix and correlation coefficients.

Results: The correlation coefficients between the predicted values and actual scores were 0.26 and 0.42 (P < 0.01), which indicated good criterion validity. All models except depression had high convergent validity but low discriminant validity. Results also indicated good levels of split-half reliability for each model [from 0.516 (hostility) to 0.817 (interpersonal sensitivity)] (P < 0.001).

Conclusion: The validity and reliability of facial prediction models were confirmed for the measurement of mental health based on the SCL-90. Our research demonstrated that fine-grained aspects of mental health can be identified from the face, and provided a feasible evaluation method for multi-dimensional prediction models.

Keywords: mental health, psychological symptoms, SCL-90, facial movements, machine learning, multitrait-multimethod matrix


INTRODUCTION

Mental illnesses have a significant impact on an individual's physical health (1), achievements (2, 3), and life satisfaction (4). In addition to scales, behavioral recognition methods have been developed to judge the existence (5) or degree (6, 7) of specific mental illnesses. However, identifying an individual's mental health status from a range of perspectives may be more helpful in non-professional scenarios such as self-monitoring or large-scale monitoring.

Many studies have found that the physiological and behavioral indicators of individuals with mental illnesses differ, including brain activity (8, 9), galvanic skin response (10), eye contact (11, 12), voice (13, 14), and facial movements (15). Moreover, people with different mental health disorders behave differently (16, 17). For example, patients with schizophrenia can be distinguished from those with depression by analyzing their non-verbal behavior during medical consultation (16). More granularly, neural activity in response to different emotional faces can help distinguish bipolar depression from unipolar depression. Such differences make it possible for machine learning models to diagnose the multi-dimensional psychological symptoms of mental illnesses. Meanwhile, the Symptom Checklist 90 (SCL-90) (18) provides a simple way for researchers to obtain a series of quantitative indicators to comprehensively describe an individual's mental health.

Of all the non-verbal cues related to mental health, facial expressions are relatively stable (19) and easy to obtain. Consequently, we used facial prediction models based on SCL-90 to assess the psychological symptoms of mental illnesses. Given that this is a multi-dimensional research, one model should predict the same symptomatic dimension as assessed by the corresponding subscale, meaning that the depression model and the depression subscale should measure the same thing. Existing model evaluation methods, such as accuracy or mean square error, cannot evaluate such convergent validity. Therefore, we applied the assessment method of scales to machine learning models. The development and application of scales are typically accompanied by tests of reliability and validity. Researchers use the correlation between the scores of a certain scale with those of other scales to evaluate the criterion validity, convergent validity, and discriminant validity, and use the correlation between the scores of the two half items in the scale to evaluate the reliability (20, 21). Similarly, we used the correlation between the predicted scores from models and actual scores from scales to calculate validity, and used the correlation between predicted scores from models based on the two halves of the facial data to test reliability.

In summary, we obtained facial movements and SCL-90 scores, built facial prediction models to identify psychological symptoms, and calculated reliability and validity by way of evaluation. The results showed that our method has fair reliability and validity, and revealed the possibility for machine learning models to recognize more detailed aspects of mental health status, not just at the disease level.



MATERIALS AND METHODS


Participants

We recruited participants at a large event in Wuhan in July 2019, most of whom were coach drivers. The exclusion criteria for this study included: (1) participants whose scale scores were all minimum or maximum; (2) participants whose facial data recorded by Kinect were <700 frames. After balancing gender and normalizing the SCL-90 score distribution, 100 participants were included in the final analysis, including 60 males and 40 females.



Instruments

Demographic information. Basic demographic information such as the gender, age, number of children, education level, and marital status of each participant was obtained.

Symptom check list. The SCL-90 (18) is a 90-item self-report scale with responses made on a 5-point Likert scale. It was first used in China in 1984 (22). The SCL-90 assesses mental health status over the past seven days, using 10 subscales reflecting 10 physical and psychological symptoms. Since the SCL-90 assesses a wide range of psychiatric features and can measure multiple physical and psychological symptoms, it has been widely used in the mental health assessment of various groups (23). Due to the limited data collection time available, we chose the six symptomatic dimensions of the SCL-90 which contribute most to people's mental status (24–29), and are also known to affect the non-verbal expression of individuals (30–34). Those dimensions were: interpersonal sensitivity, depression, anxiety, hostility, phobic anxiety, and psychoticism. A brief descriptive summary of each of the six symptoms is provided in Table 1 (35). It is generally believed that when the factor scores of the SCL-90 are >=2, the individual suffers from negative mental health symptoms (factor score = subscale score/number of items). As a result, the threshold of the total score of six symptomatic dimensions was equal to 110 points in this study.


Table 1. Details of the six dimensions of SCL-90 used in this study.

[image: Table 1]

Kinect. Kinect is a low cost, convenient, and reliable depth sensor with an RGB image camera developed by Microsoft. Unlike traditional planar image characteristics, Kinect can record the movement of facial key points in 3D space (36). Therefore, comprehensive information about facial movements can be extracted. In this study, Kinect was purchased and Kinect for Windows SDK v2.0 was installed to record the 3D coordinates of key points on the face. Kinect can recognize 1,347 key points on the face, and key points near the facial features were considered to be the most closely related to mental illnesses such as depression (37). On this basis, we selected the points near the facial features and the center points of other parts as the key points for identifying mental health symptoms, which totaled 36. The positions on the face are shown in Figure 1A.


[image: Figure 1]
FIGURE 1. The participant's facial movements were recorded by Kinect. (A) The positions of the 36 facial key points on faces. (B) A Kinect camera recorded the facial movements of participants when they were reading a neutral text. (C) Time-series characteristics were extracted to discover the difference in facial movements between individuals with mental illnesses and those who were healthy. The face image was virtualized.




Procedure

Data collection. Participants were first asked to complete the demographic information questionnaire and the six subscales of the SCL-90. Then they read a neutral text introducing the Macro Polo bridge, during which Kinect was used to record their facial key point locations over approximately 30 s. The frame rate of Kinect is 30 HZ, the resolution of the captured image is 1,920 × 1,080 in color and 512 × 424 in depth (38). The distance between Kinect and the participant's seat was controlled to be 1.5 m to exclude the influence of distance on the intensity of facial movements. Meanwhile, we asked the participants to stay as still as possible in the instruction. The data collection for facial movements (as shown in Figure 1B), demographic information, and the SCL-90 were conducted according to the process shown in Figure 2.


[image: Figure 2]
FIGURE 2. Data collection process.


Data preprocessing. After data collection, the scores of the subscales in the SCL-90 were calculated. For each participant's facial key point coordinate data, data preprocessing was conducted to eliminate the influence of noise. First, for each frame, we translated the origin of the key point coordinates to the position of key point 0 to balance the influence of the head movements. Then, for each frame, the average coordinates of the current frame, the previous frame, and the next frame were used as the coordinates of the current frame to balance the influence of noise. Next, we intercepted the data from the 100th frame to the 700th frame to eliminate the preparation time before and after reading (as seen in Figure 3A), which was approximately 20 s. Finally, we conducted a subtraction between the adjacent data in the time-series to obtain the coordinate changes. We named the 100th to 700th frames “whole” data, and the odd 300 frames and even 300 frames in the 600 frames “split-half” data.


[image: Figure 3]
FIGURE 3. The process of data preprocessing, feature extraction, feature selection, and model building. (A) Represents the facial changes in the sequence over a period of time; (B) shows the process of data preprocessing and feature extraction; (C) shows the process of feature selection and model training.


Feature extraction. So that facial movements could be expressed as changes in the coordinates of key points, time-series characteristics were used to describe the movements of each key point in 3D space over time. The present study used 30 time-series characteristics as features to extract the motion information of facial key points across the entire time series. The names, types, and meanings of these 30 time-series characteristics are shown in Table 2. After feature extraction, we created a feature file, with each row for a participant and each column for a feature. Therefore, the feature file had 3D × 36 key points × 30 time-series characteristics = 3,240 columns. For example, a participant with mental illnesses had 108 (3 * 36) average values for the coordinate changes like the blue line in Figure 1C, while a healthy participant had 108 average values for the coordinate changes like the orange line in Figure 1C. As we can see in Figure 1C, some time-series characteristics can distinguish between individuals with mental illnesses and healthy individuals very well. Regardless of “whole” data or “split-half” data, the same features were extracted.


Table 2. The names, data types, and meanings of the time-series characteristics used in this study.

[image: Table 2]

Feature selection. After extracting 3,240 features for each participant, supervised feature extraction was used to select features that were “important” for each model, which were also features related to the subscale scores. F-values were calculated between each feature value for “whole” data and each dimension score. Finally, we selected the 50 features with the largest F-value for each model. The points that changed the most with the scores for each subscale are shown in Figure 4. It can be seen that the left side of the face expresses more information about mental health status than the right in most symptomatic dimensions of the SCL-90. The rules for selecting features were saved and used in the “split-half” data. After that, all features were standardized to ensure that the contribution of features to models was not affected by range and distribution.


[image: Figure 4]
FIGURE 4. The key points that changed the most with the scale scores in each symptomatic dimension. Key points with at least one time-series characteristic included in the 50 features are marked in blue, and others are marked in yellow. (A) Interpersonal sensitivity; (B) depression; (C) anxiety; (D) hostility; (E) phobic anxiety; (F) psychoticism. The face images were virtualized.


Model training. Based on prior knowledge provided by other studies, the range of nonverbal activities is mostly linear with the degree of mental health (14), so the linear regression model was selected. Because too many features may lead to overfitting, we used L1 regularization to simplify the model. The least absolute shrinkage and selection operator (LASSO) (39) is an optimized technique in linear regression models which uses the L1-norm penalty. Equation 1 is a general representation of the objective function of LASSO regression, in which y represents the outcomes and x represents the features, N and p are the numbers of samples and variables, and λ and β are the adjustment parameters and regression coefficients. Compared with traditional linear regression models, LASSO regression can enhance the generalization ability of models (40). In this study, LASSO regressions were used to fit the linear relationship between features and subscale scores, and five-fold cross-validation was used to adjust model parameters. After cross-validation, all samples were predicted once as test sets, and the results were saved as predicted values. Similarly, we first used the “whole” data to build the models for each symptomatic dimension and then applied the models to the “split-half” data. The overall process is shown in Figure 3. Finally, we obtained three sets of predicted values with a number of 100 based on the “whole” data and “split-half” data.

[image: image]



Statistical Analysis

For descriptive analyses of the quantitative variables, the mean and standard deviation values were calculated. Because of the large sample size and approximate normality distribution, a t-test was used to examine the differences in age and the SCL-90 scores between the mentally ill group and the healthy group. For analyses of the qualitative variables, the frequencies were used and chi-square tests were carried out to test differences in marital status, number of children, education level, and gender between the mentally ill group and healthy group. Predicted scores using “whole” data were defined as the predicted values for this method. The predicted scores of the “split-half” data were used as the “split-half” scores. The split-half reliability for each model was assessed with correlation coefficients between the “split-half” scores. Multitrait-multimethod matrix analysis and criterion validity analysis were conducted to test validity.




RESULTS


Demographic Information

The demographic information of individuals was collected in this study. Participants in this study were middle-aged people with an average age of 40 years, they were mostly married (87%), and had children (82%). The proportion of participants who had received higher education was 57%.



SCL-90 Score

The average value of the total scores of the SCL-90 was 88.13, and the standard deviation value was 24.03. Participants were divided into a “healthy group” (n = 88) and a “mentally ill group” (n = 12) based on the aforementioned threshold score of 110 points. Although the numbers of healthy subjects and mentally ill subjects are uneven, the data distributions of the total scores and the subscales scores are close to the normal distribution, which has less influence on the regression models. The demographic information was not distinguished between the two groups, except for gender. The scores of the six subscales were significantly different in the two groups, which was in line with expectations (see Table 3).


Table 3. Distribution of demographic information and SCL-90 scale scores.
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Split-Half Reliability

In this study, the original “whole” data was divided into two parts based on the parity of frames. And the Pearson correlation coefficient between the predicted values of the two split-half data was calculated as an indicator of split-half reliability. The split-half reliability of the six facial prediction models is shown in Table 4, all reaching the significance level.


Table 4. Split-half reliability and criterion validity of each dimension.

[image: Table 4]



Convergent Validity and Discriminant Validity

This study used a multitrait-multimethod matrix to explore the structural validity of facial prediction models. Six traits were involved in the multitrait-multimethod matrix, which were interpersonal sensitivity, depression, anxiety, hostility, phobic anxiety, and psychoticism; and two methods were involved, including the SCL-90 subscales and facial prediction models. Pearson correlation coefficients were calculated among the predicted values and the SCL-90 scores, and Table 5 presents the zero-order correlation matrix between variables. In Table 5, the bold numbers on the diagonal represent the correlations between different methods measuring the same trait, the numbers in the triangles represent the correlations between different traits measured by the same method, and the numbers in the yellow area represent the correlations between different methods measuring different traits. The results indicated that the bold numbers were significantly larger than the data in the yellow area in the same column, except for the depression dimension, which meant that our models had good convergent validity. However, the bold numbers were not all greater than the corresponding values in the triangles, which meant the discriminant validity of our models was not as good.


Table 5. Convergent validity and discriminant validity of each dimension.
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Criterion Validity

The actual scores of each subscale were used as the effective standard, and the Pearson correlation coefficients between the predicted values of the “whole” data and the actual scores of the corresponding subscales were calculated, so as to conduct the analysis of criterion validity (as shown in Table 4). The results showed that the correlation coefficients had reached a significant level, which meant the models established had high criterion validity.




DISCUSSION

The present study tested the prediction of psychological symptoms based on facial movements. We collected SCL-90 scale scores as the output, and extracted the time-series characteristics of facial key points as the input, then built facial prediction models for each symptomatic dimension. Finally, we tested the stability and availability of the models by calculating the split-half reliability, criterion validity, convergent validity, and discriminant validity. The results indicated that the facial prediction models proposed have good split-half reliability, criterion validity, and convergent validity, although the discriminant validity is lower.

Consistent with previous research on emotion-induced situations (41, 42), the high criterion validity suggests that under neutral conditions, facial movements can also be used to distinguish patients with mental illness from those who are healthy, especially the facial movements on the left side of the face. This finding is in line with previous studies that found that individuals with some mental illnesses have fewer facial movements than healthy people due to alexithymia (43, 44). An alternative explanation would be that compared with healthy people, people with poorer mental health status are more likely to produce (45) and express (46) negative emotions under neutral stimulation. Although each model had significant criterion validity, it is noteworthy that the depression model and anxiety model had lower criterion validity than the other symptomatic dimensions. Based on previous studies, we speculate that this is because comorbidity with anxiety or depression is common in people with other symptoms (47, 48). Individuals with depression and anxiety may have different subtypes, which leads to different facial movements and results in slightly lower criterion validity. Relevant studies have also pointed out that there are differences in the performance of individuals with multiple symptoms and those with only depression or anxiety (49, 50). One possible explanation for the finding that the left side of the face is more capable of expressing mental health status is that mental illness, such as depression and autism, are mainly dominated by the right hemisphere of the brain (51).

There was also fairly high convergent validity for most models except depression. Specifically, for the interpersonal sensitivity dimension, anxiety dimension, hostility dimension, phobic anxiety dimension, and psychoticism dimension, the correlations between different methods measuring the same traits were higher than all the correlations between different methods measuring different traits, which meant the two methods were measuring the same traits, consistent with our expectations. However, in the depression dimension, we did not find a higher correlation between different methods measuring the same trait, which indicates that the depression dimension may not have a specific facial expression that can be identified, and this is probably related to the complex comorbidity between depression and other negative psychological symptoms (47, 52, 53). Studies have suggested that different types of negative mental health status have different facial movements (54, 55) and the facial expressions associated with mental illness are also different from physical illness (56, 57). Our study suggests the possibility that different psychological symptoms of mental illnesses may have different facial movements that can correspond to the SCL-90 scores, which are detailed and granular. Future study is needed to explore the unique expression of each symptomatic dimension and the underlying neurological mechanisms. In addition, it is understandable that the discriminant validity is low, considering the high correlation (0.3–0.8) between the scores of the various subscales in the SCL-90 (58), and the high correlation (0.2–0.7) between the values of models which are based on scale scores.

In terms of reliability, results indicate good levels of split-half reliability for all the models (from 0.52 to 0.82), which are consistent with the subscale consistency (from 0.50 to 0.90) (59–61) in previous studies examining the SCL-90. The credible split-half reliability suggests that the time-series characteristics we extracted can represent stable personal traits to some extent, rather than random factors. One previous study has explored the stability within individuals and differences between individuals in facial expressions (62). Such differences may relate to mental health status and other individual characteristics, and such stability may be the reason why the machine learning models have good reliability.

Our study indicates that the facial prediction models based on the SCL-90 have good split-half reliability, criterion validity, and convergent validity. As per the literature explored and to the knowledge of the authors, we are the first to measure the reliability and validity of machine learning models. In multi-dimensional studies, measuring the reliability and validity of machine learning models is conducive to ensuring one model can truly discover the pattern of the corresponding symptomatic dimension, which cannot be achieved by previous machine learning evaluation methods.

Our research also provides a feasible method for evaluating the performance of multi-trait machine learning models. The multi-dimensional psychological symptoms of mental health were predicted separately in this study, and most models had satisfactory convergent validity, which presents the possibility of predicting more detailed aspects of mental health through the assessment of facial movements. Furthermore, we tracked the facial movements of participants under neutral stimulation, which is close to the facial state of people during normal communication. Although the current facial prediction models cannot replace scales, existing research could be combined with monitoring technology to achieve large-scale and non-invasive mental health monitoring for appropriate occupations in practical applications.

This study also has some limitations. First, the selection of the machine learning algorithm should ensure that it can match the corresponding dataset. Selecting deep learning algorithms may slightly improve the results, but this is not the focus of this paper. Future studies based on different datasets would be needed to compare the performance of different machine learning models. In addition to regression models, classification prediction models are also of practical significance, as long as the data are balanced. Second, considering the purpose of the research, we used the SCL-90, of which the correlation among the subscales was very high. This results in low discriminant validity. Further work should take into account the comorbidity between symptoms and strive to obtain a unique facial expression for each symptom. Third, as the participants in this study were conveniently sampled at a large-scale event, although age and gender were balanced, the specific occupation of the participants may also cause some sampling bias. Moreover, due to limited time, the three symptoms of somatization, compulsion, and paranoia were not measured, and those symptoms could be explored in further studies. A further limitation may be the influence of participants' knowledge background in self-reporting methods. However, in our data acquisition and application scenarios, self-reporting was the most appropriate method. Future research can try to use the diagnosis of psychiatrists as the annotation data of prediction models. Finally, the criterion validity of the depression and anxiety models was lower compared with other models. Future research can try different data collection scenarios and feature extraction methods to better predict the psychological symptoms with many subtypes.



CONCLUSION

We proposed facial prediction models based on the SCL-90 and demonstrated that the measurement has high reliability and satisfactory validity. Furthermore, this study demonstrated that facial movements can distinguish multi-dimensional psychological symptoms, and provides a feasible method to evaluate the performance of multi-trait machine learning models.
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Background: While preliminary evidence suggests that sensors may be employed to detect presence of low mood it is still unclear whether they can be leveraged for measuring depression symptom severity. This study evaluates the feasibility and performance of assessing depressive symptom severity by using behavioral and physiological features obtained from wristband and smartphone sensors.

Method: Participants were thirty-one individuals with Major Depressive Disorder (MDD). The protocol included 8 weeks of behavioral and physiological monitoring through smartphone and wristband sensors and six in-person clinical interviews during which depression was assessed with the 17-item Hamilton Depression Rating Scale (HDRS-17).

Results: Participants wore the right and left wrist sensors 92 and 94% of the time respectively. Three machine-learning models estimating depressive symptom severity were developed–one combining features from smartphone and wearable sensors, one including only features from the smartphones, and one including features from wrist sensors–and evaluated in two different scenarios. Correlations between the models' estimate of HDRS scores and clinician-rated HDRS ranged from moderate to high (0.46 [CI: 0.42, 0.74] to 0.7 [CI: 0.66, 0.74]) and had moderate accuracy with Mean Absolute Error ranging between 3.88 ± 0.18 and 4.74 ± 1.24. The time-split scenario of the model including only features from the smartphones performed the best. The ten most predictive features in the model combining physiological and mobile features were related to mobile phone engagement, activity level, skin conductance, and heart rate variability.

Conclusion: Monitoring of MDD patients through smartphones and wrist sensors following a clinician-rated HDRS assessment is feasible and may provide an estimate of changes in depressive symptom severity. Future studies should further examine the best features to estimate depressive symptoms and strategies to further enhance accuracy.

Keywords: artificial intelligence, sensors, digital phenotyping, assessment, depression


INTRODUCTION

Depression is among the most common and disabling mental health disorders, with a worldwide prevalence of more than 300 million people (1). Despite the availability of many evidence-based treatments for Major Depressive Disorder (MDD), ~50% of US individuals with depression are not treated (2) and only 26% of those with past year MDD receive adequate treatment (3). Barriers to treatment include stigma, limited access to specialty care, poor symptom monitoring, and limited patient insight into symptoms (4). Due to the low availability of specialized care for depression, the disorder is often identified and managed in primary care settings (5, 6). However, the time constraints of primary care physicians (PCPs) make thorough symptom monitoring difficult, which may in turn contribute to inadequate or delayed treatment (7). In the absence of resources for close symptom monitoring, many PCPs follow the American Psychiatric Association's (APA) Practice Guideline for the Treatment of Patients with MDD and wait up to 12 weeks before adjusting medications in the absence of a response (8). Delaying time to medication change may prolong suffering, reduce the likelihood of complete remission (9), and increase risk for relapse (10). Further, a high percentage of patients who experience full remission, will experience a relapse (10, 11), the treatment for which is frequently delayed due to providers' expectation that remitted patients will contact them when deteriorating. Methods enabling passive, real-time symptom monitoring may facilitate early detection of response or non-response to treatment, or of depression relapse and allow expedited delivery of relief to patients.

Over the past decade, the development of wristband and smartphone-embedded sensors has facilitated the objective measurement of numerous hallmark symptoms of depression and the passive monitoring of behavioral indices of low mood (12). Consistent with the well-established association between low levels of socialization and depressive symptoms (13), recent work shows that severe depressive symptoms are associated with shorter duration of incoming and outgoing calls, and fewer incoming and outgoing phone calls and daily text messages (13–18). Anhedonia and low energy level can manifest as reduced physical activity (19, 20), which can be measured using GPS and motion sensors embedded in smartphones or wearable sensors. It has also been documented that more severe depressive symptoms and worse mood levels are negatively correlated with a higher amount of time the phone screen is on, a higher number of entertainment applications (apps) used, and an overall time of interaction with the smartphone (18, 21). Finally, dysregulated sleep, a common problem in depression, can be measured relatively well by wearable activity sensors (22).

Preliminary studies suggest that aggregates of smartphone-based passive features are useful in predicting daily mood (23) and presence of depressive symptoms (24). While findings in the field of sensor-based assessment in psychiatry are promising, critical gaps are still present. Most studies evaluating passive monitoring have examined depressive symptoms among patients with bipolar disorders. Those studies conducted with patients with depression have mostly relied on self-report questionnaires to assign diagnoses and/or measure variation in symptoms and train the models. This has resulted in possible reliability problems, since these investigations have primarily focused on detecting presence or absence of depression rather than on assessing its severity, and they have shown overall low accuracy (14–18, 23–27). Moreover, despite evidence showing the existence of physiological indices that are markers of depressed mood (28), that can be continuously collected through wearables (29), and which can be combined with smartphone data to assess mood (27), only two studies have combined these data streams in models to monitor changing depressive symptoms (26, 27). However, both of these studies included previously described limitations such as reliance on self-report questionnaires to train their models and low accuracy. Only one relied on exclusive passive data collection (27).

The current study aimed to address these gaps by evaluating the feasibility and performance of using a machine-learning model that combines physiological features passively recorded by wearable sensors and smartphone features to assess depressive symptoms severity among patients diagnosed with Major Depressive Disorder. Models estimating depressive symptom severity only from smartphone features and only from wristband-based features, were also evaluated. Finally, we examined which features from the smartphone and wearable sensors were most informative in estimating depressive symptom severity. Based on previous reports, we hypothesized a strong correlation between estimates of depressive symptom severity from the model combining smartphone and wearable features and clinician-rated depressive symptom scores.



MATERIALS AND METHODS


Participants

Participants were recruited using standard methods (e.g., flyers). Forty-one participants with MDD were enrolled and 31 completed the study. Seven participants dropped out after the screening visit, two after visit three, and one after visit two. Participants were between the ages of 19 and 73 (M = 33.7, SD = 14), and primarily female = 23 (74%). Ethnic distribution was White = 22 (71%), Hispanic/Latino = 4 (23%), Asian = 5 (16%), Haitian/Black/African-American = 4 (12%), American Indian/Alaskan = 1 (3%), mixed-race = 2 (6%), and other = 1 (3%). At screening, participants on average had severe depressive symptoms [28-item Hamilton Depression Rating Scale (30) = 22.74; SD = 7.38].



Procedure

The study encompassed six in-person visits, daily smartphone-delivered surveys, and passive assessment over 9 weeks. The first screening visit included an informed consent procedure, a blood test to assess for potential medical contributors to depressed mood, and clinician-rated symptom assessment. During the second visit (baseline visit) the monitoring app was downloaded onto participants' phones, wristband sensors were applied, and in-person clinical assessments and self-report measures were completed. The remaining four clinical visits occurred bi-weekly over 8 weeks.

Inclusion criteria were current MDD (per the DSM-IV) (31), Hamilton Depression Rating Scale (HDRS-28) (30) score of > 18 at screening, measurable electrodermal activity, use of an Android smartphone as a primary device, ownership of a computer or tablet compatible with the wristband sensors, and daily internet access. Exclusionary criteria were drug or alcohol use disorder within the past 3 months, lifetime history of psychosis, mania, hypomania, epilepsy, or seizure disorder, current untreated hypothyroidism, unstable medical condition or cognitive impairment, acute suicide or homicide risk, current electroconvulsive therapy treatment, vagal nerve stimulation therapy, deep brain stimulation, transcranial magnetic stimulation therapy, or phototherapy, concurrent participation in other research studies involving investigational agents or blinded randomization to treatment, and inability to comprehend and communicate in English.

The protocol was approved by the Institutional Review Boards of Massachusetts General Hospital and Massachusetts Institute of Technology.



Measures
 
Clinician-Administered

Mini International Neuropsychiatric Interview (MINI): The MINI, a structured diagnostic interview for major psychiatric disorders, was administered during the screening visit to determine current MDD and rule out exclusionary diagnoses (32).

Hamilton Depression Rating Scale (HDRS): The HDRS-28 is a 28-item clinician-rated assessment scale to assess depressive symptoms (30). The HDRS was administered six times: during the screening visit, 1 week later during the baseline visit, and every other week from visit third to sixth. The HDRS-17 (33), one of the methods most commonly employed to measures change in depressive symptoms severity in treatment for depression clinical trials, was derived from the HDRS-28, and used as dependent variable. The HDRS-28 was administered by clinical staff at the Depression Clinical Research Program (DCRP). Staff at the DCRP has been extensively trained in the use of the HDRS by using videotapes and live interviews of patients. Recent assessment of inter-rater reliability between DCRP clinicians in diagnosing MDD and measuring severity of depression has yielded kappas > 0.75, indicating satisfactory agreement (based on internal data).



Sensors

Participants were instructed to wear two E4 Empatica (34) wristbands, one on each wrist, for 22 h a day/7 day a week (with 1 h/day for charging and 1 h/day to upload data). Participants could upload the data at any point of the day. The E4 measures electrodermal activity (EDA), peripheral skin temperature, heart rate (HR), motion from the 3-axis accelerometer and sleep characteristics using actigraphy.



Smartphone Sensor Data

Mobile-based social interactions (e.g., number of calls, texts), activity patterns (e.g., still, walking), and number of apps used were tracked through the phone app MovisensXS (35) that was downloaded onto participants' phones. For privacy reasons, no phone usage details were recorded, including content of calls/texts, app names, and internet use content. MovisensXS has been successfully used to securely and confidentially collect behavioral and self-reported mood data (36).




Data Analyses

Data analyses included evaluation of the acceptability of the E4 devices and of the performance of a model using features from smartphones and wristband sensors to estimate depressive symptoms severity assessed with the HDRS. Acceptability was evaluated by examining adherence of wearing the E4. We processed adherence for the entire study, and also after excluding the days when the data were missing because of technical problems including E4 sensors malfunctioning, problems with uploading the data to the server, or problems with the network connection. While most technical problems were promptly addressed, some resulted in the loss of data from multiple consecutive days because it took time to substitute the faulty sensors or get support from the technology providers.

The model was developed through several steps as shown in Figure 1. All features were preprocessed, transformed and calculated for four 6-h intervals and for daily aggregates (over the course of 24-h). We built upon and expanded our previous work (37) and encoded a comprehensive list of physiological and behavioral features including EDA, motion, sleep, phone usage, call and messaging behavior, app usage, and location change patterns (see comprehensive list in Supplementary Table 1). Preprocessing of EDA, motion, and sleep features was improved relative to our previous work by adding EDA features calculated during the time when there is no motion (identified by the accelerometer sensor) and by adding normalized EDA features (see additional information in Section A1 in Supplementary Material). Moreover, a location preprocessing step was included by down-sampling location data-points to one recording per 5 min followed by extrapolating missing location latitude and longitude values. Consistent with other investigators (18), more semantic features based on location: time spent at home, transition time, total distance traveled, and weighted stationary latitude and longitude standard deviation (A.3. in Supplementary Material) were added. Given that mood can be influenced by the weather (38, 39), location was used to retrieve historical weather data from the DarkSky API (40) and features related to temperature, pressure, humidity, sunrise and sunset time, cloud cover and wind were included. The final dataset included 877 features (Supplementary Table 1), of which 404 derived from the wearables and 473 from the mobile sensors. Similar to our previous work (37), we addressed the potential problem of overfitting by reducing the dimensionality of features using linear and non-linear transformations (see more details in A.2. in Supplementary Material). The resulting 25 transformed features are difficult to interpret as they are non-linearly derived from the original features. Hence, we used the Boruta algorithm described below to identify the most informative features to estimate HDRS scores.


[image: Figure 1]
FIGURE 1. Machine learning process steps.



Personalization

The HDRS scores included in the training and test model were the residual values obtained subtracting HDRS score of the screening visit from the HDRS scores collected during later visits (visits 2, 3, 4, 5, and 6). Residualized HDRS scores allowed to account for the heterogeneous presentation of depressive symptoms.



Multimodal Model Training and Estimation of Depressive Symptom Severity

The model to estimate residualized HDRS scores was built by using features from the wrist and smartphone sensors from the same day (midnight-to-midnight) of the HDRS administration. Machine learning techniques used to build the model were average ensemble of boosting (41) and random forest (42). To avoid overfitting, multiple dimensionality reduction and feature transformation techniques were applied to the raw features and we performed 10-fold-cross-validation (41) during training (see more details in A.2. in Supplementary Material); After the parameters of the model were learnt, the model was tested on a separate hold-out test set of data. The model was evaluated under two deployment scenarios resembling different clinical settings (Figure 2). Specifically, the data were split into training and test sets differently and, subsequently each resulting model had slightly different parameters: (1) In the user-split scenario, a set of 20% of participants were randomly selected as a hold-out test set and the remaining 80% of participants provided a training set. With this evaluation methodology, the performance of the model was assessed as if it were trained on specific clinic patients or a population, and then used to estimate depressive symptom variation among other patients. (2) In the time-split scenario, the first three HDRS scores following the screening visit from all participants were pooled along with the first HDRS score to form the training set and the remaining two HDRS scores were pooled to form the hold-out test set. With this evaluation methodology, the performance of the model was assessed as if it were trained on three visits from one patient, and then used to estimate future depressive symptom variations for the same patient.


[image: Figure 2]
FIGURE 2. Two evaluation scenarios for splitting the data into training and test sets.


In both scenarios HDRS scores were residualized on the HDRS from the screening visit. The performance of the model on the hold-out test set in each scenario was expressed as the mean absolute error (MAE), or the average absolute difference between the clinician-based HDRS and the model-estimated HDRS and as the root mean square error (RMSE). Per standard procedure (42), model performances in each scenario were compared to the MAE and RMSE of estimates based on: (1) group median HDRS values, (2) individual HDRS values at the screening visit, and (3) individual median value of the HDRS from the three visits following the screening visits (this was possible only in the time split scenario). Despite the simplicity of these estimates, most previous work has not outperformed individual baselines in similar settings (42). Correlations were also conducted between the clinician-based HDRS and the HDRS estimated in the testing set of the two scenarios (A.3. in Supplementary Material). Two additional models were developed following the procedure described above, one including only features from the wearables and one including only features from the smartphones, and their performance were compared with the model combining all the features.



Features Ranking

To identify the most important and non-redundant features for the estimation of the HDRS scores from passive data, the 877 features included in the regression models were examined using the Boruta algorithm (43) which uses the wrapper method around the Random Forest algorithm.





RESULTS


Acceptability

On average, participants uploaded about 17 and 15.5 h of daily data from left and right-hand sensors respectively. This corresponds to 77 and 70% adherence considering that participants were asked to use 2-h each day to charge the E4 and to upload data, which led to a maximum of 22 h of data per day. The average adherence increased to 94% and 92% from the left and right hand respectively, after we excluded the days with technical problems (Supplementary Figures 1, 2).



Performance

Results of the analyses estimating HDRS score from models including passive features as well as baseline models are illustrated in Table 1 and Figures 3, 4. Overall, all of the machine learning models performed similarly with MAE ranging between 3.88 and 4.74 and correlations between the clinician-rated HDRS scores and the estimated HDRS scores ranging between 0.46 and 0.7 (Table 1). Of the three machine-learning models tested in the time-split scenario, the lowest mean absolute error (MAE) was obtained by the model that included only features from the mobile [F (2,12) = 19.04, p < 0.002]. When the three models were tested with the user-split scenario, they all performed about the same [F (2,12) = 0.55, p < 0.59] with the lowest MAE obtained by the model using only the features from the wearable. Thus, it is not possible to speculate as to whether one modality outperformed the others. The machine learning models provided more accurate estimates than those based on group median and individual screen models but not better than those based on individual median in the time split scenario. However, these differences were also not significant. Thus, the normalized MAE ranged between 7.5 and 9.1%, as the HDRS-17 ranges from 0 to 52. Using the Boruta algorithm (43) 39 features were defined as important for the estimation of the HDRS scores, one feature remained undecided, and the remaining features were identified as irrelevant to the outcome variable. The features that were retained were in the following categories: mobile phone engagement, activity level recorded by the mobile sensors, and skin conductance and HRV features from the wearables (Table 2). Notably, 54% of the 39 informative features that were retained by the Boruta analyses were from the mobile phone and 46% of all the informative features were from the wearables.


Table 1. Performance of all the models estimating HDRS under the User-split and Time scenarios.
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FIGURE 3. Mean absolute error of predicting HDRS using different models under the User split and Time split scenarios.



[image: Figure 4]
FIGURE 4. Root mean square error of predicting HDRS using different models under the User-split and Time-split scenarios.



Table 2. Illustration of the features selected by the Boruta algorithm ranked by importance.
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DISCUSSION

The study examined the feasibility and performance of a model measuring changes in depressive symptoms severity that combined behavioral and physiological indices of depression collected passively by smartphone and wrist sensors. Adherence was decreased by technological problems, which accounted for 17 and 22% decrease in adherence on the left-hand and right-hand wristbands respectively, a finding that also suggested that fixing the reliability of network access, connectivity, and sensor, laptop, and phone hardware would lead to more than 90% adherence.

Our study was the first to evaluate behavioral and physiological features, collected entirely passively among a sample of carefully characterized adult individuals with MDD. Previous evaluations of models to estimate depression passively have primarily relied on examining correlations between estimated and observed symptoms (18, 26, 27). However, indices of associations do not allow a granular evaluation of the accuracy of the models and of the magnitude of the difference between estimated and actual values, impacting scalability. The current study evaluated the performances of the models estimating the severity of the symptoms by using multiple indices including MAE, RMSE and correlations. Correlations between predicted and observed severity of depressive symptoms ranged from moderate to strong (r ranging between 0.46 and 0.7). The correlation between observed and estimated depression in the time-split model including features from the mobile phone (r = 0.7) was the strongest and was higher than the one of a previous model combining features from the fitbit and from smartphones (the best model yielded an r2 = 0.44 or r = 0.66) (27) and the one of a model aggregating mobile-based and physiological features (r = 0.58) (26). Notably, despite the high magnitude of the correlations MAE ranged between 3.8 and 4.74 which may be too high of an inaccuracy for the model to be scalable.

Similarly, even though the model with mobile features in the time-split scenario performed significantly better than the others, it is unclear whether a test of significance is the most appropriate metric to compare these models and to determine whether a model is meaningfully better. In the future, criteria should be identified to evaluate when models to estimate depression severity may be deemed adoptable in clinical setting. Our models' RMSE values ranged between 4.88 and 5.99 and were higher than a model estimating self-report depressive symptoms among adolescents that included number of steps, activity level, number of SMS, and calls yielded (RMSE = 2.77) (44). The difference in results may be due to the fact that the studies employed different measures of depression. Our study, together with previous findings, suggests that including different features in the models may have significant implications on accuracy.

In order to develop a thorough method for passive assessment of depressive symptoms the study evaluated a model including behavioral as well as physiological features, which have both been described as important markers of depression. Given the high number of features that could be collected by mobile and wearable sensors the study examined which of the features included in the machine learning model were the most important, and not redundant, to estimate depressive symptoms severity. Out of the 877 features that were initially included in the model, 39 were retained that were primarily related to activity level, mobile phone engagement, skin conductance, and HRV. Our finding that activity level was among the most important features of our model estimating depressive symptoms severity is consistent with previous reports (23, 24). Saeb et al. (18) first showed that mobility pattern, recorded by phone sensors, is associated with depression, O'Brien et al. (45) documented that physical activity was low among individuals with late life depression related to healthy controls and Cao et al. (44) documented that activity level was associated with low mood among adolescents. Similarly, our finding suggesting that engagement with the phone is an important predictor of depression severity is consistent with previous studies (18).

As anticipated, physiological features were important predictors of depressive symptoms. Previously, it had been shown that wearables-based recording of skin conductance could be leveraged to detect high stress and to distinguish between high and low mental health groups of individuals (25). Our findings expand on previous reports by showing that not only commonly considered physiological features play a role in estimating depressive symptoms severity but that also features related to asymmetry of right and left skin conductance response may be important. Previously we have posited that right and left asymmetry may be a better indication of arousal than one-sided EDA measurements (46). Our finding of the role of HRV in predicting depressive symptoms is consistent and extends previous reports. Previous models estimating mood states with moderate accuracy have included measures of heart rate (HR) (27, 44) and HRV (26). Moreover, Cao et al. (44) reported that in a model including HR features recorded by the fitbit, light exposure, and sleep one of the most important features to estimate mood variation among 18 individuals with MDD was HR. Contrary to what was anticipated, we did not find sleep being a critical feature in our model. This finding may have been due to the fact that sleep features in our model were derived from up to 48 h prior to the HDRS assessments and features capturing a longer time period may be needed to characterize depressive symptoms.

Thus, our findings suggested that behavioral as well as physiological features contributed to our model's accuracy. However, while the ubiquity of smartphones makes their use in monitoring symptoms highly scalable, passive collection of physiological indices may be less feasible due to the high cost of wearables. Given the number of behavioral and physiological features that can be collected passively, further studies are critical to examine which features, or aggregate of features, are the most critical to identify models which are the most parsimonious, feasible, and scalable.

Findings should be interpreted in the context of several limitations. Sample size was small and participants experienced low variability of depressive symptoms during the course of the study (e.g., average standard-deviation of within-user HDRS scores was 3.7 and, on average, the HDRS score from baseline to the last assessment decreased by 15%); it is unclear whether the model will have the same performance among patients with higher variability of depressive symptoms. Future studies may examine larger samples and evaluate whether other machine learning models such as Deep Neural Networks may improve performance. It is important to highlight that the Boruta method evaluates the importance of the features in the context of all the features in the model. Thus, a model including a combination of features different from ours may yield different results.

In sum, our findings highlight that machine learning may be a feasible method to estimate HDRS scores using passive monitoring based on mobile and physiological features. However, while evidence is accumulating that these models may have moderate accuracy, larger studies are needed to further evaluate them. Moreover, it is still unclear which features may be critical to develop the best models. Significant advances in the development of sensors and methodologies to analyze big data have created a new frontier of digital phenotyping, defined as the “moment-by-moment quantification of the individual-level human phenotype in-situ using data from smartphone and other personal devices (12).” To date, digital phenotyping has included the collection of behavioral data such as mobility patterns (via accelerometer) and socialization (via call and texts) (12). Evidence is accumulating suggesting that physiological sensing may also be included in the effort to objectively characterize changes in depression severity. Digital phenotyping of depression can be leveraged as a clinical tool and may allow a more seamless continuous treatment. In the future, sensor-based systems could privately and continuously track the symptoms of consenting patients and share this information with providers. Rather than relying on patients to reach out in times of need, providers could use these data to offer expeditious and personalized support when symptoms worsen. In addition, given considerable heterogeneity among depressed individuals to respond to different treatments, future studies should also be aimed at determining whether digital phenotyping may have a role in the prediction of response or non-response thereby allowing for more accurate initial treatment selection or more timely adjustment of treatment to optimize outcome.
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Objective: Multiple relapses over time are common in both affective and non-affective psychotic disorders. Characterizing the temporal nature of these relapses may be crucial to understanding the underlying neurobiology of relapse.

Materials and Methods: Anonymized records of patients with affective and non-affective psychotic disorders were collected from SA Mental Health Data Universe and retrospectively analyzed. To characterize the temporal characteristic of their relapses, a relapse trend score was computed using a symbolic series-based approach. A higher score suggests that relapse follows a trend and a lower score suggests relapses are random. Regression models were built to investigate if this score was significantly different between affective and non-affective psychotic disorders.

Results: Logistic regression models showed a significant group difference in relapse trend score between the patient groups. For example, in patients who were hospitalized six or more times, relapse score in affective disorders were 2.6 times higher than non-affective psychotic disorders [OR 2.6, 95% CI (1.8–3.7), p < 0.001].

Discussion: The results imply that the odds of a patient with affective disorder exhibiting a predictable trend in time to relapse were much higher than a patient with recurrent non-affective psychotic disorder. In other words, within recurrent non-affective psychosis group, time to relapse is random.

Conclusion: This study is an initial attempt to develop a longitudinal trajectory-based approach to investigate relapse trend differences in mental health patients. Further investigations using this approach may reflect differences in underlying biological processes between illnesses.

Keywords: trajectory, hospitalization, relapse, trend, psychosis, affective disorders


INTRODUCTION

Temporal characteristics of symptom onset have played an important role in the classification of psychiatric disorders. For example, Kraepelin's original distinction between manic depression and dementia praecox was based on the idea of manic depression, now known as bipolar disorder, being a recurrent illness with periods of complete recovery alternating with episodes of illness, while dementia praecox, now known as schizophrenia, having a chronic deteriorating course (1). With the introduction of specific treatments for bipolar disorder and schizophrenia, the outcome for both these disorders has considerably improved, although there is still debate about the extent of recovery that happens, even with treatment, particularly for schizophrenia. For example, Harrow et al. found in a 15 year follow up of patients with schizophrenia treated with contemporary interventions that while over 40% cumulatively had a period of recovery, this was followed in 60% by a period of symptom recurrence (2). Lang et al. similarly found in an extensive review of long-term outcome studies that schizophrenia had a generally poorer outcome than other diagnostic groups (3).

It has been argued that the distinction between outlook in schizophrenia and bipolar disorder may have neurological underpinnings. It has been shown that children who go on to develop schizophrenia (4) have evidence of cognitive and neurodevelopmental impairment and this is not evident in children who go on to develop bipolar disorder. These children who develop schizophrenia are also more likely to have a history of obstetric complications that could affect neurological development (5). Recently, several studies have attempted a finer grained analysis of natural history in schizophrenia in an attempt to better understand different illness trajectories and thereby better predict individual outcomes. For example, Ayesa-Arriola et al. described four different patterns of recovery in first episode psychosis based on symptoms on initial presentation (6). Velthoorst et al. compared illness trajectories and found multiple trajectories based on symptom patterns within each disorder (7). Patients with schizophrenia had more impaired trajectories, and those with mood disorders had better functioning trajectories. Such studies generally compare trajectories of distinct groups based on symptom clustering and or level of function, rather than examining any periodicity within the illness trajectory (8, 9). Periodicity, however, is important for diagnosing some affective disorders. Seasonal affective disorder and rapid cycling bipolar disorder are examples where diagnosis is made on the basis of a temporal relapse pattern characterized by predictability. Furthermore, evidence indicates people with affective disorders are more likely to have genetic polymorphisms associated with seasonal circadian disturbances (10). Additionally, within affective disorders as the number of relapses increases, there appears to be a shortening of time intervals between subsequent relapses (11). To our knowledge there have been no studies where patterns in time between relapse have been examined in non-affective psychosis.

We hypothesize, that while both affective and non-affective disorders are characterized by relapses, the temporal nature of relapse itself differs between these disorders, consistent with the differences in the underpinning biological processes and etiology. Specifically, affective disorder relapses are more likely to exhibit an inherent predictable trend pattern. Hospitalization is widely recognized as a useful proxy for reporting relapse when reporting in a naturalistic setting (12). Hence, we conducted our study on a large anonymized administrative health data set, taking rehospitalisation or presentation to the emergency department as an objective measure of relapse (13, 14). To compute the temporal nature of relapse, we applied symbolic series approach (15) on the time period between consecutive hospitalizations (gaps) for each individual. The symbolic series approach is useful for identification of predictable trend patterns within the time series while reducing inherent noise (16, 17). A predictable trend pattern is observed, when gaps are progressively increasing (relapsing less often or less frequently) or decreasing (relapsing more often or frequently) or remaining the same (regular). The output of symbolic series trend is a score between 0 to 1 with higher values indicating increasing observations of predictable patterns in the time series. We investigated for differences if any, in relapse trend score for patients with recurrent non-affective psychosis compared with patients with recurrent affective disorder.



MATERIALS AND METHODS


Dataset

In this retrospective study, anonymized longitudinal records of adult patients (18 to 65 years), with diagnosed psychiatric disorders who presented to emergency departments, or were admitted to public hospitals in South Australia between January 1, 2007, and March 10, 2017 were collected from the South Australian Mental Health Data Universe. Permission to migrate anonymized records to Flinders University for research was obtained with the approval of the South Australian Department of Health through a project agreement.

Each record of relapse contained an anonymized patient identifier, age, gender, primary ICD-10 diagnosis block documented during each hospitalization, date and time of relapse or admission and the date and time of discharge from the hospital. Other details regarding patients such as family history were not available from this data set. While most patients had a single hospitalization with no relapse within the analysis time frame, there were patients who had up to eleven relapses. While a patient may be diagnosed with an affective disorder on their first admission, the diagnosis may change to a non-affective psychotic disorder on subsequent admissions and the converse may also occur. For the purpose of this study, the primary mental health ICD-10 diagnostic block documented at each relapse to the hospital was extracted and if it had changed between relapses, the most frequently occurring diagnostic block was tagged as the primary diagnosis for each patient. Based on this diagnostic label, two subgroups of patients were extracted for analysis—patients with ICD 10 non-affective psychotic disorders, with F codes (F20–F29) and patients with ICD 10 affective disorders with F codes (F30–F39) (18). Patients with F code diagnoses F20–F29 characteristically have symptoms such as hallucinations and delusions and respond to antipsychotic medication (19), while patients with affective disorder diagnoses F 30–F39 have mood disturbances and respond to mood stabilizing medications (20). More details on the patient inclusion criteria are outlined in the Supplementary Material.



Relapse Trend Score

The application of a symbolic series-based approach to compute the relapse trend score is explained in detail in the Supplementary Material. Briefly, this method captures the relapse onset temporal pattern for each individual based on the time gap between relapses and converts it into a score between 0 to 1 that describes the trend observed in these time gaps. An individual with a history of n relapses (n ≥ 4) has n-1 time units between the relapses (Figure 1). This series of time units, when iteratively grouped into three consecutive time units—with a shift in one time unit each iteration—will result in n-2 trend units. Each trend unit is a measure of direction of change between consecutive three time units and takes a score of 1 if consecutive time units form a predictable pattern, that is, are increasing or decreasing or remaining the same, and takes a score of 0 otherwise, in which case they are non-predictable or random patterns. The sum of these n-2 trend unit scores is then normalized within each cohort group based on the number of relapses. Thus, the temporal pattern score for an individual with n relapses is 1 when all n-2 trend scores are 1 and is 0 when none of the n-2 trend units scored is a 1, and anything in between will be a score between 0 to 1. A lower score suggests that relapse onset or time between hospitalizations is random, and a higher score suggests predictability over time. Figure 2 illustrates trend scores for two individuals with 6 relapses, one with a predictable trend and the other with unpredictable relapses. The above methodology is explained in more detail in the Supplementary Material.


[image: Figure 1]
FIGURE 1. Schematic of a MH patient trajectory indicating hospitalizations and relapses.



[image: Figure 2]
FIGURE 2. Relapse time trajectory of a patient with five relapses where the time to relapse is progressively decreasing between each hospitalization (left). Relapse time trajectory of a patient with five relapses where the relapse times are irregular and do not follow a trend (right).




Statistical Analyses

Relapse trend score were computed using Matlab (The Mathworks Inc., Natick, MA) and data analyzed in SPSS statistical software v25. Patients were grouped into cohorts based on minimum number of relapses and regression models were developed within each cohort with age, gender and diagnosis as independent variables and the relapse trend score as the outcome variable. Linear and logistic regression were used, as appropriate, to explore the association between the outcome and the independent variables. Within the logistic model for association between relapse trend score and diagnostic information, the group that included patients with non-affective psychosis was used as the reference group and the affective disorder group was regressed against them. Odds ratios (ORs) and 95% CIs were obtained and used as a measure of effect size.



Role of the Funding Source

The funders of the study had no role in study design, data collection, data analysis, data interpretation, or writing of the report.




RESULTS

The dataset included in the study had 8,658 subjects; 3,793 with non-affective psychosis and 4,865 with affective disorders. To analyze the relapse onset, a patient had to have at least four relapses so that the time gaps between them could be tested for a meaningful pattern. Hence, we retained only those patients from these two diagnostic groups, with more than four relapses and grouped them into cohorts based on their minimum number of relapses. The cohort size varied between 1,101 patients with four or more relapses and 43 patients who had 11 or more relapses. Table 1 shows demographics, distribution of diagnostic information and mean relapse trend scores within each cohort group.


Table 1. Distribution of age, gender, diagnostic information and relapse trend score among the patient cohorts.
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Age and Gender

Univariate regression models showed that age was significantly associated with relapse trend score in almost all patient cohorts analyzed, while gender had no effect on the relapse trend score in most patient cohorts (Table 2). Overall, the direction of associations indicated that the odds of older subjects exhibiting a pattern or trend in their gaps between hospitalizations were higher than younger adults.


Table 2. Effect of age on the relapse trend score.
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Diagnosis

Within different cohort groups, diagnostic information was regressed against the relapse trend score. Logistic regression model fitting was statistically significant in all patient cohort groups (Table 3). Univariate analysis showed that patients with recurrent affective disorders were significantly more likely to exhibit a trend or pattern in time to relapse when compared to patients with non-affective psychosis (e.g., in cohorts with six or more relapses, OR 2.6, 95% CI 1.8–3.7, p < 0.001). This implies that the odds of a recurrent affective disorder patient exhibiting a trend or pattern in the time to relapse between his/her hospitalizations are 2.6 times the odds for a patient with recurrent psychosis. After adjusting for age, the recurrent affective disorder group still had a higher probability of having a trend or a pattern in time to relapse (Table 3).


Table 3. Association of patient diagnosis (covaried with age) with relapse trend score.
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DISCUSSION

Our findings provide evidence that temporal patterns of relapse to hospitalization in non-affective psychotic disorders and affective disorders are significantly different. Longitudinal relapse trend analysis suggests that patients with affective disorders were more likely to have either increasing or decreasing times to relapse, while the time between relapse in non-affective psychotic disorders was more likely to be random. This distinction may reflect different underlying biological processes occurring in these conditions. For example, there may be more responsiveness to periodic environmental factors such as seasonal change in people with recurrent affective disorder (21). The biological processes behind non-affective psychosis may be less responsive to circadian rhythms and perhaps more likely to be affected by randomly occurring environmental, biological or social stress. Our findings are of note in view of concern that cross sectional categorical diagnostic systems such as DSM V define syndromes as heterogeneous in terms of etiology and treatment response (22). It is based on such concern the Research Domain operational Criteria (RoDC) (23) that considers classification of psychiatric disorders on the basis of biological mechanisms, endophenotypes and biomarkers. However, in our study, patients in the broad cross-sectional diagnostic categories of affective disorder or non-affective psychosis derived from administrative hospital data, had significantly different patterns of changes in rate of relapse over time.

This is the first study to use an entropy-based approach to elucidate how temporal patterns of relapse differ between different psychiatric diagnoses. Entropy based approaches have been applied to analyze patient trajectories in finding treatment benefits, exploring relapse in placebo-controlled trials, and monitoring physical activity trends after rehabilitation. Haimovich et al. conducted an analysis of condition-specific hospital utilization rates using a clustering based computational approach and demonstrated that a substantial proportion of medical conditions exhibit seasonal variation in hospital utilization (19). This is a simple, coarse grained technique, that is robust in capturing predictability in longitudinal time-series. There are a limited number of studies in the literature where mathematical approaches have been applied to psychiatric readmission data to look for associations with clinical, environmental and health system characteristics. In particular, temporal trends or patterns in repeated admissions based longitudinal mental health patient trajectories have not been investigated previously.

Our study had several limitations. We used the relatively broad F-code categories of the ICD-10 diagnostic system to categorize patients. Unfortunately, the coding of the derived dataset that we received from the South Australian Mental Health Data Universe database system did not allow for further distinctions to be drawn between individual affective disorder categories within F30–F39 such as bipolar disorder and individual psychotic disorder categories within F20–F29 such as schizophrenia. A further subgroup analysis with the raw data presented to demonstrate heterogeneity if any within the F20 and F30 cohorts will be a future scope of this study. For example, the demonstration of a distinct set of affective diagnoses associated with a decreasing interval of time between relapse would be of interest. Another limitation relates to our definition of relapse which included only hospital and emergency department contacts. The inclusion of outpatient records of recurrence may have captured a greater number of less extreme relapses and thus affected our findings. A further limitation may relate to how we categorized patients into the affective and psychotic groups, particularly those who had different diagnoses when admitted at different times. Our decision to use the most common diagnosis, however, would conceivably have made the groups more heterogeneous and thus would have reduced the likelihood of us finding any distinction between the two categories in terms of illness trajectories.



CONCLUSION

To conclude, the presented approach is a proof of concept study toward longitudinal analysis of time trajectories in hospitalization data. We have woven together multiple hospitalizations of mental health patients and captured the trend in the time between each relapse. Temporal trends in relapse using time stamps along a mental health patient trajectory have not been investigated previously. This is a novel approach and a first step toward longitudinal trajectory-based approach to investigate relapse in mental health patients. Further investigation of patterns in mental health trajectories could provide insights into utilization of acute services over time and identify which individuals are at increased risk of readmissions.
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Background: Remote monitoring and digital phenotyping harbor potential to aid clinical diagnosis, predict episode course and recognize early signs of mental health crises. Digital communication metrics, such as phone call and short message service (SMS) use may represent novel biomarkers of mood and diagnosis in Bipolar Disorder (BD) and Borderline Personality Disorder (BPD).

Materials and Methods: BD (n = 17), BPD (n = 17) and Healthy Control (HC, n = 21) participants used a smartphone application which monitored phone calls and SMS messaging, alongside self-reported mood. Linear mixed-effects regression models were used to assess the association between digital communications and mood symptoms, mood state, trait-impulsivity, diagnosis and the interaction effect between mood and diagnosis.

Results: Transdiagnostically, self-rated manic symptoms and manic state were positively associated with total and outgoing call frequency and cumulative total, incoming and outgoing call duration. Manic symptoms were also associated with total and outgoing SMS frequency. Transdiagnostic depressive symptoms were associated with increased mean incoming call duration. For the different diagnostic groups, BD was associated with increased total call frequency and BPD with increased total and outgoing SMS frequency and length compared to HC. Depression in BD, but not BPD, was associated with decreased total and outgoing call frequency, mean total and outgoing call duration and total and outgoing SMS frequency. Finally, trait-impulsivity was positively associated with total call frequency, total and outgoing SMS frequency and cumulative total and outgoing SMS length.

Conclusion: These results identify a general increase in phone call and SMS communications associated with self-reported manic symptoms and a diagnosis-moderated decrease in communications associated with depression in BD, but not BPD, participants. These findings may inform the development of clinical tools to aid diagnosis and remote symptom monitoring, as well as informing understanding of differential psychopathologies in BD and BPD.

Keywords: bipolar disorder, borderline personality disorder, digital communications, smartphone, digital phenotyping, remote monitoring, depression, mania


INTRODUCTION

Bipolar Disorder (BD) and Borderline Personality Disorder (BPD) are psychiatric disorders with significant morbidity and associated mortality (1, 2). Both conditions share overlapping features, meaning they can be difficult to differentiate clinically and represent a diagnostic challenge in psychiatry (3–6). This is especially salient given misdiagnosis may lead to the selection of ineffective, or even harmful, treatments (7). Alongside core features of chronic mood instability and impulsivity, both conditions feature episodic exacerbation of symptoms. Individuals with BD experience episodes of depression and mania, while individuals with BPD experience acute crises often accompanied with suicidal thoughts or actions (8). The diagnostic overlap of these presentations and the fluctuant clinical course of the two disorders means that objective markers discerning diagnosis or mood may prove clinically useful in improving the accuracy of clinical diagnosis, predicting episode course and recognizing early signs of mental health crises.

Remote monitoring is concerned with the collection of clinically relevant data in ecologically-valid settings (9). Collecting time-stamped, longitudinal data in a patient's natural environment may provide a richer phenotype of mental distress than traditional forms of clinical assessment. Digital phenotyping represents a form of remote monitoring where personal digital devices, such as smartphones or wearables, are used to collect clinically relevant data (10, 11). This data may be used to identify new behavioral digital biomarkers, leading to the identification of novel phenotypes of psychiatric disorder and mental distress (9, 12). Previous research, for instance, has identified geolocation and actigraphy variables associated with clinical features in BD (13, 14). In BPD, similar passively-recorded digital markers are likely to provide insight into psychopathology and symptoms, given that BPD patients experience alexithymia and recall bias when reflecting on symptoms between clinical encounters (15, 16).

Digital phenotyping approaches are not constrained by our current classification of mental disorders and may inform more appropriate sub-grouping for diagnosis, prediction and treatment (10). This is particularly relevant in the management of depressive symptoms, where current diagnostic classification is highly heterogeneous (17). Smartphones may represent especially useful digital phenotyping tools given their relative low cost, high-frequency use and widespread ownership among the general population (11). It has been estimated that more than 90% of the world's adult population own a mobile phone (18).

Communications may represent an especially interesting subcategory of digital phenotyping in the context of BD and BPD. Observed changes in communication, such as increased talkativeness and pressured speech, are established features and predictive factors of (hypo)mania in BD (19–21). Meanwhile, symptoms, such as anhedonia, fatigue and reduced concentration may disrupt social communication in depression (22). Digital communications may also provide an empirical approach to assess psychological theories of BPD psychopathology and therapy which focus on interpersonal dysfunction as a core feature (23–25). Smartphone communication may be associated with emotional stability and mobile phone use has been hypothesized to be implicated in interpersonal attachment style (26, 27). Therefore, digital communications data may harbor clinically relevant digital biomarkers of both mood state and diagnosis in the clinically overlapping conditions of BD and BPD.

The development of any future clinical remote-monitoring tool is likely to integrate an array of variables when making predictions about diagnosis or mood (28). Therefore, it is first necessary to identify group-level associations between communications variables, diagnosis and mood symptoms in order to guide variable selection in model development (29). Previous work has investigated objective changes in phone call and short message service (SMS) use associated with both mood state and diagnosis in BD and healthy control (HC) cohorts (28, 30–32). However, findings are conflicting. Beiwinkel et al. (31) found that the frequency of outgoing SMS messages was negatively associated with depressive symptoms but not correlated with manic symptoms, while Faurholt-Jepsen et al. (30) found that call duration, but not call or text message frequency, was associated with depressive symptoms, and call frequency, incoming call duration and outgoing SMS message frequency were associated with manic symptoms. To our knowledge, patterns of digital communication are yet to be studied in BPD cohorts. Here, we present findings from an observational study of BD, BPD, and HC cohorts using self-report mood monitoring alongside passive monitoring of digital communications. We explore associations between mood, diagnosis, trait-impulsivity, and communications variables relating to phone call and SMS messaging.



METHODS


Participants

Data was collected as part of the Automated Monitoring of Symptom Severity (AMoSS) study, conducted between March 2014 and September 2018 (33, 34). Healthy volunteers were recruited from the community, BD and BPD participants were recruited from out-patient services or registration lists of ongoing studies. Participants were recruited for an initial 3-month study period, with an option to remain in the study for 12 months or longer. The study was observational in nature and independent of the clinical care participants received. Written informed consent was obtained from all participants. Approval was granted by the NRES Committee East of England–Norfolk (13/EE/0288) and Oxford Health NHS Foundation Trust.

Participant diagnoses were confirmed prior to study enrolment by an experienced psychiatrist (KEAS) using the Structured Clinical Interview for DSM-IV and the borderline items of the International Personality Disorder Examination (IPDE). HC status was confirmed by psychiatric assessment. Exclusion criteria for HC group were: any history of neurological disorder, head injury or major psychiatric illness, or having a first degree relative with a history of BD or BPD. Exclusion criteria for BD and BPD groups were a comorbid diagnosis of the other disorder. Due to a technical problem logging communications data, only a sub-set of the total AMoSS study population were included in this study. Our study population included a total of 55 participants; 21 HCs, 17 individuals with a diagnosis of BD and 17 individuals with a diagnosis of BPD. Demographic details by diagnostic group are reported in Table 1. The median number of weeks that participants provided digital communications and mood questionnaire data for was 21 weeks (Table 1).


Table 1. Population characteristics and self-rated mood by diagnostic category.
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Clinical Assessments

Participants completed a weekly remote mood assessment using the True Colours monitoring system (35). Depressive symptoms were assessed by the Quick Inventory of Depressive Symptomatology (QIDS), manic symptoms were assessed by the Altman Self-Rating Mania Scale (ASRM) (36, 37). For mood state, thresholds of QIDS ≥11 and ASRM <6 were used to define depressive state, QIDS <11 and ASRM ≥6 were used for manic state, QIDS ≥11 and ASRM ≥6 for mixed state and QIDS <11 and ASRM <6 for euthymic state. This is in-keeping with established thresholds for moderate or severe depressive and manic episodes (36, 38). Weeks where a participant did not complete QIDS or ASRM assessments were excluded from analysis. The Barratt Impulsiveness Scale (BIS-11) was recorded upon enrolment as a measure of trait-impulsivity (39). Baseline trait-impulsivity and summary statistics for self-reported mood measures by diagnostic group are reported in Table 1. Although HC participants reported symptoms of moderate depression in a number of weeks, no HC participant reported symptoms of severe depression (QIDS ≥16) at any point in the study (Table 1; Figure 1).


[image: Figure 1]
FIGURE 1. Relationship between depressive symptoms and cumulative total call duration, by diagnostic group. A scatter plot displaying the relationship between depressive symptoms and cumulative total call duration. Each point corresponds to a participants' depressive symptoms (measured by QIDS) and their cumulative total call duration (measured in seconds) in the 6 days preceding, and day of, a completed mood assessment. Color coding corresponds to diagnosis. Trendline coefficients are taken from linear mixed-effects regression models adjusted for age. Significance testing performed with HC as reference; ***p < 0.001, **p < 0.01, *p < 0.05 (HC, n = 642; BD, n = 456; BPD, n = 401).




Communications Variables

Communications data were obtained from the AMoSS application that was installed on participants' smartphones at study entry. Participants without an Android device were given a smartphone and asked to use it as their primary means of communication throughout the study period. The time-stamp, length and directionality (incoming vs. outgoing) of communications (calls and SMS messages) were logged passively by the smartphone application. Weeks where a participant did not make or receive at least one phone-call or SMS were excluded from the analysis.

Selection of variables for regression analyses were guided by previous literature (28, 30). Primary communications variables were selected for their theoretical potential to directly reflect participant behavior; total and outgoing call frequency, mean total, incoming and outgoing call duration, total and outgoing SMS frequency and mean total and outgoing SMS length. Incoming call duration, but not frequency, was included due to a participant's agency to determine the length of incoming calls but not their frequency. Call and SMS frequency corresponds to the number of calls or SMS messages sent in the 6 days preceding, and day of, a completed mood assessment. Mean call duration and SMS length corresponds to the number of seconds and characters per phone-call and SMS message, respectively.

Secondary variables included cumulative duration and length, which correspond to the number of seconds or characters aggregated across all calls or text messages in the 6 days preceding, and day of, a completed mood assessment. These were selected in-line with previous methods of reporting call duration and SMS length in the literature (30) and to give a general measure of use of a communications modality (i.e., phone call or SMS messaging). Finally, variables summarizing the ratio of total and outgoing call frequency to SMS frequency and the ratio of total and outgoing call duration to SMS length were developed to standardize participants' propensity for vocal communication to their propensity for written communication, where higher values indicate a preference for vocal communication.



Statistical Analysis

Linear mixed-effects regression models were performed with each communications variable of interest entered as a dependent variable, defined a priori. Random-effects models were used, with participant identification number entered as a random intercept. Age, diagnosis, mood state, mood symptoms, and trait-impulsivity were included as fixed effects to investigate the association between covariates and communications variables of interest. Interaction terms were inputted where relevant. Fixed effects and interaction terms are listed for each model. It was not possible to include gender as a fixed effect due to the high preponderance of female participants in our BPD sample, representative of the wider clinical population (40). Therefore, to investigate the possible effect of gender, models were replicated with gender included as a fixed effect for the BD and HC cohorts only (Supplementary Material). For mood state, euthymic state was used as a reference level in dummy coding. For diagnosis, HC was used as a reference level in dummy coding, apart from where stated otherwise. Regression analyses were performed with lmerTest (41) package in R (42), which performs t-tests using Satterthwaite's method for each covariate; p-values below 0.05 were considered statistically significant. Consistent with previous research, we report unstandardized coefficients (notated as B); which represent the amount (in frequency of calls/messages, seconds of call, or number of characters) by which the dependent communications variable changes for a change in the stated independent variable of one unit, keeping other independent variables constant (30). Where diagnosis was included as an independent variable, it was coded as 0 or 1 using dummy coding, and therefore in such cases the unstandardized coefficient represents the difference between the diagnostic groups, keeping other independent variables constant.




RESULTS


Mood
 
Mood Symptoms

Across the cohort, manic symptoms were positively associated with total call frequency (B = 0.27, SE = 0.10, p = 0.01) and outgoing call frequency (B = 0.22, SE = 0.07, p < 0.01) in the transdiagnostic model (Table 2). All results remained significant when adjusted for diagnosis. Manic symptoms were also positively associated with cumulative total call duration (seconds; B = 70.91, SE = 24.33, p < 0.01), cumulative incoming call duration (seconds; B = 33.50, SE = 13.69, p = 0.02) and cumulative outgoing call duration (seconds; B = 37.70, SE = 16.35, p = 0.02) (Supplementary Table 1) but not mean total, incoming or outgoing call duration (Table 2).


Table 2. Phone call data by mood symptoms.
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Depressive symptoms were positively associated with mean total call duration (seconds; B = 3.336, SE = 1.359, p = 0.015) and mean incoming call duration (seconds; B = 5.104, SE = 1.621, p = 0.002) and results remained significant when adjusted for diagnosis (Table 2). There was no strong evidence of a transdiagnostic association between depressive symptoms and other primary phone call variables (Table 2).

For SMS data, manic symptoms were positively associated with total SMS frequency (B = 1.62, SE = 0.40, p ≤ 0.01) and outgoing SMS frequency (B = 0.72, SE = 0.20, p < 0.01) (Table 3). All results remained significant when adjusted for diagnosis.


Table 3. SMS data by mood symptoms.
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There was no evidence of an association between transdiagnostic depressive symptoms and any SMS variable (Table 3, Supplementary Table 1).



Mood State

For phone call data, manic state was associated with increased total call frequency (B = 5.16, SE = 1.12, p < 0.01) and outgoing call frequency (B = 3.41, SE = 0.75, p < 0.01) compared to euthymia, but not mean total, incoming or outgoing call duration (Supplementary Table 2). All results remained significant when adjusted for diagnosis. Manic state was also associated with cumulative total call duration (seconds; B = 1,344.04, SE = 264.55, p < 0.01), cumulative incoming call duration (seconds; B = 581.58, SE = 150.39 p < 0.01) and cumulative outgoing call duration (seconds; B = 766.79, SE = 177.90, p < 0.01) (Supplementary Table 3).

Depressive state was not associated with any primary phone-call variable (frequency or mean duration) (Supplementary Table 2). However, depressive state was associated with increased cumulative incoming call duration (seconds; B = 217.23, SE = 102.74, p = 0.04) and a non-significant decrease in cumulative outgoing call duration (seconds; B = −164.56, SE = 122.57, p = 0.18) compared to euthymia (Supplementary Table 3).

For SMS data, there was no evidence of an association between depressive or manic states and SMS variables in either model (Supplementary Table 2). Mixed states were associated with increased total SMS frequency (B = 25.24, SE = 6.82, p < 0.01) and outgoing SMS frequency (B = 11.39, SE = 3.46, p < 0.01) compared to euthymia and results remained significant when adjusted for diagnosis (Supplementary Table 2).

To investigate whether the communications changes observed in mania are partially specific to vocal, rather than written, communication, we performed regression analyses for our secondary communications variables (Supplementary Table 4). There was no strong evidence of an association between manic symptoms or manic state and call frequency standardized to SMS frequency for either total or outgoing calls (Supplementary Table 4). However, increased manic symptoms were associated with both total call duration standardized to SMS length (B = 0.67, p = 0.03) and outgoing call duration standardized to SMS length (B = 0.49, p = 0.02), while manic state was associated with outgoing call duration standardized to SMS length (B = 5.94, SE = 2.57, p = 0.02) although did not reach significance (p > 0.05) for total call duration standardized to SMS length.




Diagnosis

For phone call data, BD diagnosis was associated with increased total call frequency (B = 5.91, SE = 2.79, p = 0.04) compared to HC (Table 4). Results remained significant when adjusted for mood symptoms, but not mood state (Table 4, Supplementary Table 5).


Table 4. Phone call data by diagnosis (adjusted by mood symptoms).
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For SMS data, BPD diagnosis was associated with increased total SMS frequency (B = 54.52, SE = 23.79, p = 0.03) and outgoing SMS frequency (B = 29.05, SE = 12.32, p = 0.02), compared to HC (Table 5). BPD diagnosis was also associated with cumulative total SMS length (characters; B = 4,931.97, SE = 2,129.68, p = 0.03) and cumulative outgoing SMS length (characters; B = 2,927.61, SE = 1,384.30, p = 0.04) compared to HC (Supplementary Table 6), but not mean total or mean outgoing SMS length (Table 5). Results remained significant when adjusted for mood symptoms or mood state (Supplementary Table 6). BD diagnosis was associated with decreased mean total SMS length (B = −21.300, SE = 9.306, p = 0.027), but lost significance when adjusted for mood symptoms or state (Table 5, Supplementary Table 5).


Table 5. SMS data by diagnosis (adjusted by mood symptoms).
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All significant associations between BD or BPD diagnosis and communications variables were attenuated when adjusted for trait-impulsivity (Supplementary Table 7). In separate analyses, transdiagnostic trait-impulsivity adjusted for age was associated with all variables previously identified to be associated with BD or BPD diagnosis; increased total call frequency (B = 0.20, SE = 0.10, p = 0.05), total SMS frequency (B = 2.72, SE = 0.87, p < 0.01), outgoing SMS frequency (B = 1.36, SE = 0.45, p < 0.01), cumulative total SMS length (characters; B = 208.04, SE = 79.67, p = 0.01) and cumulative outgoing SMS length (characters; B = 106.20, SE = 52.76, p = 0.05) (Supplementary Table 8).



Interaction: Mood and Diagnosis

To assess whether diagnosis moderates the effect between mood and digital communications variables, we performed regression analyses for the interaction between diagnosis and depressive state (Tables 6, 7, Supplementary Table 9). For phone call data, interaction between BD and depression was associated with decreased mean total call duration (seconds; B = −134.029, SE = 43.577, p = 0.002), mean incoming call duration (seconds; B = −126.671, SE = 53.030, p = 0.017), mean outgoing call duration (seconds; B = −126.342, SE = 53.620, p = 0.019), cumulative total call duration (seconds; B = −1598.62, SE = 464.92, p < 0.01), cumulative incoming call duration (seconds; B: −702.30, SE = 264.36, p = 0.01) and cumulative outgoing call duration (seconds; B = −875.95, SE = 320.467, p = 0.01) when HC was used as the reference dummy variable (Table 6, Supplementary Table 9). The interaction between BPD and depression was not significantly associated (p > 0.05) with any phone call variable other than mean incoming call duration (seconds; B = −106.436, SE = 49.903, p = 0.033) (Table 6). When BPD was used as the reference dummy variable, the interaction between BD and depression was associated with decreased total call frequency (B = −7.19, SE = 1.99, p < 0.01), outgoing call frequency (B = −3.12, SE = 1.36, p = 0.02), cumulative total call duration (seconds; B = −1,658.13, SE = 461.22, p < 0.01), cumulative incoming call duration (seconds; B = −594.73, SE = 261.93, p = 0.02) and cumulative outgoing call duration (seconds; B = −1,038.23, SE = 317.86, p < 0.01) (Table 6, Supplementary Table 9). Together these results suggest diagnosis may moderate the association between depression and phone call communications. Interaction trends between diagnostic groups and depressive symptoms for cumulative total, incoming and outgoing call duration are summarized in Figures 1–3, all other communications variables are summarized in Supplementary Figures 1,2.


Table 6. Phone call data by diagnosis & mood state interaction effects.
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Table 7. SMS data by diagnosis & mood state interaction effects.
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FIGURE 2. Relationship between depressive symptoms and cumulative incoming call duration, by diagnostic group. A scatter plot displaying the relationship between depressive symptoms and cumulative total call duration. Each point corresponds to a participants' depressive symptoms (measured by QIDS) and their cumulative incoming call duration (measured in seconds) in the 6 days preceding, and day of, a completed mood assessment. Color coding corresponds to diagnosis. Trendline coefficients are taken from linear mixed-effects regression models adjusted for age. Significance testing performed with HC as reference; ***p < 0.001, **p < 0.01, * p < 0.05 (HC, n = 642; BD, n = 456; BPD, n = 401).
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FIGURE 3. Relationship between depressive symptoms and cumulative outgoing call duration, by diagnostic group. A scatter plot displaying the relationship between depressive symptoms and cumulative total call duration. Each point corresponds to a participants' depressive symptoms (measured by QIDS) and their cumulative outgoing call duration (measured in seconds) in the 6 days preceding, and day of, a completed mood assessment. Color coding corresponds to diagnosis. Trendline coefficients are taken from linear mixed-effects regression models adjusted for age. Significance testing performed with HC as reference; ***p < 0.001, **p < 0.01, *p < 0.05. (HC, n = 642; BD, n = 456; BPD, n = 401).


For SMS data, the interaction between BD and depression was associated with decreased total SMS frequency (B = −28.78, SE = 7.18, p < 0.01), outgoing SMS frequency (B = −12.42, SE = 3.67, p < 0.01) and cumulative total SMS length (characters; B = −1,463.73, SE = 632.69, p = 0.02) when HC was used as the reference dummy variable (Table 7, Supplementary Table 9). The interaction between BPD and depression was not significantly associated (p > 0.05) with any SMS variable (Table 7). When BPD was used as the reference dummy variable, the interaction between BD and depression was associated with decreased total SMS frequency (B = −30.26, SE = 7.14, p < 0.01), outgoing SMS frequency (B = −12.35, SE = 3.65, p < 0.01) and cumulative total SMS length (characters; B = −1,749.79, SE = 628.92, p = 0.01), suggesting diagnosis may also moderate the association between depression and SMS communications (Table 7, Supplementary Table 9).




DISCUSSION

Communications variables, incorporating phone call and SMS messaging, may represent digital biomarkers of mood symptoms, mood state and diagnosis in BD, BPD, and HC populations.

Specifically, we identified a positive association between both manic symptoms and manic state with total and outgoing phone call frequency and cumulative phone call duration, and a positive association between manic symptoms and increased total and outgoing SMS frequency. These results may reflect increased talkativeness and pressured speech, which are core features of ICD-10 and DSM-5 classification systems but are not currently operationally defined.

Furthermore, manic symptoms were associated with both increased total call duration and outgoing call duration standardized to SMS length and manic state was associated with increased outgoing call duration standardized to SMS length. This finding is novel and may refine the clinical phenotype of mania by suggesting that pressured speech and talkativeness may be objectively conceptualized as lengthening of oral relative to written communication. These results may also guide future attempts to better understand the psychopathological and neurobiological basis of the increased drive to communicate observed in manic episodes. Writing SMS messages may require a more reflective capacity than oral conversation, and be less achievable to participants during a manic episode. Alternatively, it is possible that SMS communication is simply less immediately rewarding than oral communication. Known deficits in mentalization (the ability to understand other people's mental and emotional states) associated with manic episodes may also be relevant (43). Oral communication may decrease the amount of mentalization required, by providing immediate feedback, prosodic cues and potentially less ambiguous content, compared to written messaging.

Our findings are in-agreement with previous reports that manic symptoms, measured using the Young Mania Rating Scale, are associated with increased phone call and SMS communications in a separate cohort (30). We also identified a tentative association between mixed features and increased total and outgoing SMS frequency. Adjusting for diagnosis did not affect the relationship between manic symptoms and phone use.

For depression, across the whole sample, mean incoming call duration was correlated with depressive symptoms. It is plausible that this reflects increased concern from friends and family. Alternatively, increased incoming call duration may reflect features of the depressed clinical phenotype, such as psychomotor retardation and answer latency (44, 45). The latter explanation seems less likely since depressive state was weakly associated with non-significant reductions in mean outgoing call duration, although it is possible that incoming calls present greater cognitive challenges compared to outgoing calls, exacerbating the effect of psychomotor retardation.

For depressed mood there were important effects of diagnosis. BD exhibited decreased phone call and SMS communications when depressed. This might be expected from the behavioral impact of low mood via anhedonia, fatigue, reduced concentration and motor slowing (46). In contrast, for BPD, depression was not strongly associated with any communications variable other than a reduction in mean incoming call duration.

These results add to an as yet inconsistent picture of digital communications in depressive states. While a pilot study identified decreased communications in depression, other work has identified increased phone call and SMS use in depressive states in the context of BD (28, 30, 31).

The apparent difference between the impact of depression in BD and BPD is of great interest. First, it suggests the practical possibility of a diagnostic biomarker, which would be welcome given the common clinical uncertainty in distinguishing the cause of mood instability (6). Second, while in BPD, distress is expressed in terms of depressive symptoms, they are notably more persistent than in BD (Table 1). The absence of decreased communications when depressed may be in-keeping with the clinical phenotype of BPD, where self-reported mental distress may not correlate well with the traditional depression phenotype (47). The absence of behavioral correlates of depression may reflect a different phenotype of depression in BPD with less core motor retardation and withdrawal. In particular, traditional clinical assessment tools may typically lack the resolution to discern these differential phenotypes, compared to the digital behavior metrics used in our study. Interestingly, our results add to a body of work suggesting that high QIDS scores in BPD individuals may not represent the same diagnostic entity of depression as in other diagnostic groups (33, 48). Furthermore, models developed to predict depressed mood in other diagnostic groups have translated poorly to BPD (13). If these results continue to be replicated in other domains, it may be that the mental distress reported by BPD individuals is more suitably conceptualized using a different diagnostic term other than depression, to reflect the different experiences, behavioral phenotypes and treatment outcomes associated with mental distress in BPD (49).

Our findings are especially interesting given that BPD is often defined as a clinical disorder of attachment, interpersonal dysfunction, perceived abandonment and the formation of unstable relationships (7). It is possible that the persistence of social interaction during states of self-reported depression in BPD represents a type of mental distress closely associated with and possibly caused by such factors, which results in patients seeking to reaffirm their social relationships and allay perceived abandonment through persistent communication. Alternatively, it is possible that the chronic influence of interpersonal features of BPD simply over-ride any observable influence of mood on communications metrics. It is also possible that the traditional characterization of BPD as a disorder of interpersonal dysfunction results from the persistent seeking of social interaction during states of mental distress compared to other diagnostic cohorts (such as BD), who are deemed to internalize depressed mood and withdraw from social settings in line with social norms and expectations.

Regarding diagnosis, compared to HC, BD was associated with increased total call frequency, and BPD was associated with increased total and outgoing SMS frequency, even after adjustment for mood symptoms. These effects appear to have been largely driven by trait-impulsivity. This is in keeping with previous work in non-clinical populations which has identified associations between trait impulsivity and self-reported, often problematic mobile phone use in non-clinical populations (50–54). Phone-call variables were significantly associated with the motor component of impulsivity, whereas SMS use tended to be associated with the attentional and non-planning components of impulsivity (Supplementary Table 8). Although previous work has associated general mobile phone use with the urgency component of impulsivity (51), we believe this is the first finding of differential associations between components of impulsivity and phone call and SMS messaging. Self-reported trait impulsivity correlates poorly with laboratory assessments of impulsivity in BD (55) and digital communications may therefore represent a novel, ecologically-valid, objective marker of impulsivity if our findings are replicated in larger samples.


Limitations

Although phone call and SMS communication was frequent during the study period, it cannot be assumed that this represented a participants' complete engagement with digital communications. Social media and instant messaging applications are increasingly used in the general population and involve communication using both live and recorded written, vocal, photographic and video media. This fast-changing social ecosystem presents opportunities for future research, especially in light of previous work suggesting behaviors including propensity to send photographs may correlate with psychological traits and subjective well-being (56, 57). Social contacts may be sensitive to unique signs of illness relapse in individual participants, and incoming communications metrics beyond the scope of this study may therefore be required to detect change more reliably.

Participants were provided with a mobile phone upon study enrolment, and it is possible that they continued to use other phones during the study period. Equally, it is possible that the study phone was lent to others during the observation period. These are currently unavoidable drawbacks of ecological study designs which require trust that participants follow research instructions. Use of an Android device may also have caused a selection bias in our study population and skewed the digital behavior we observed; this has been discussed in the literature previously (28, 58).

Our results should also be interpreted in the context of the multiple analyses performed. Our study did not include adjustment for multiple testing and our results should therefore be considered to be exploratory in nature (59). Future research may focus on more specific and sophisticated measures of communication to further explore the general associations we have identified. Our results should also be interpreted in the context of our study's relatively small sample size. However, the sample size is comparable to previous analyses reported in the literature (28, 30) and our study included significant longitudinal follow-up, generating an extensive data-set.

Remote self-assessments are different from objective clinical assessments. However, it is impractical to achieve high-frequency longitudinal mood monitoring by clinical interview and the tools used in this study are clinically-validated self-report scales (60). It is possible that at extremes of mood states participants were less likely to engage in mood-monitoring, and mania in particular may not be as well-served by self-monitoring as depression. Likewise, the uneven contribution of data from different participants is an important limitation (Table 1), although the effect of this was mitigated in part by the use of random effects models.

Mobile phone communications have previously been associated with extraversion, agreeableness, openness and self-consciousness in non-clinical populations (27, 57). These traits were beyond the scope of this study and it is possible that they may partially explain differences in digital communications between diagnostic groups. Similarly, the unbalanced gender proportions between groups is a further limitation of our study, although the preponderance of female participants in our BPD sample is representative of the wider clinical population. To investigate the possible effect of gender, models were replicated with gender included as a fixed effect for the BD and HC cohorts (Supplementary Tables 10–12). This did not significantly alter the results, suggesting that gender is not a significant confounding factor for the associations we identify.



Conclusion

Our study highlights the potential to identify novel digital biomarkers of mood and diagnosis and demonstrates how such variables can identify behavioral phenotypes of mental distress specific to diagnostic categories. Future work could extend the associations between mood and a wider range of communications metrics in larger cohorts. The identification of such variables may inform the development of multivariate clinical prediction models for individual patients to support clinical diagnosis, prognosis and passive symptom monitoring.
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Stratified medicine approaches have potential to improve the efficacy of drug development for schizophrenia and other psychiatric conditions, as they have for oncology. Latent inhibition is a candidate biomarker as it demonstrates differential sensitivity to key symptoms and neurobiological abnormalities associated with schizophrenia. The aims of this research were to evaluate whether a novel latent inhibition task that is not confounded by alternative learning effects such as learned irrelevance, is sensitive to (1) an in-direct model relevant to psychosis [using 7.5% carbon dioxide (CO2) inhalations to induce dopamine release via somatic anxiety] and (2) a pro-cognitive pharmacological manipulation (via nicotine administration) for the treatment of cognitive impairment associated with schizophrenia. Experiment 1 used a 7.5% CO2 challenge as a model of anxiety-induced dopamine release to evaluate the sensitivity of latent inhibition during CO2 gas inhalation, compared to the inhalation of medical air. Experiment 2 examined the effect of 2 mg nicotine administration vs. placebo on latent inhibition to evaluate its sensitivity to a potential pro-cognitive drug treatment. Inhalation of 7.5% CO2 raised self-report and physiological measures of anxiety and impaired latent inhibition, relative to a medical air control; whereas administration of 2 mg nicotine, demonstrated increased latent inhibition relative to placebo control. Here, two complementary experimental studies suggest latent inhibition is modified by manipulations that are relevant to the detection and treatment of schizophrenia. These results suggest that this latent inhibition task merits further investigation in the context of neurobiological sub-groups suitable for novel treatment strategies.

Keywords: schizophrenia, biomarker, latent inhibition, carbon dioxide challenge, nicotine


INTRODUCTION

The biological heterogeneity of schizophrenia continues to be a major obstacle for clinical practice and the development of novel drug treatments. A non-invasive biomarker to define sub-groups of patients with common neurobiological underpinnings would improve detection, diagnosis and the efficacy of drug development. Abnormal attention is a core deficit of schizophrenia that is commonly modeled pre-clinically using a latent inhibition paradigm (1–4) which may have potential in this regard. In latent inhibition, a stimulus is rendered irrelevant by mere exposure, before being established as a cue for an outcome. Latent inhibition is observed when participants learn more slowly about the preexposed cue than a non-preexposed control cue during a subsequent test of learning (5). Theoretical analyses of latent inhibition have focused upon an attentional explanation—proposing that during preexposure, attention diminishes to the preexposed stimulus so that, subsequently, participants take longer to learn the association between this stimulus and the outcome than the non-preexposed cue (6–8).

Disrupted latent inhibition is widely observed in schizophrenia [for a review see (9)] and can happen in two distinct ways: (1) An attenuation of latent inhibition, in which the difference in the rate of learning to the preexposed and non-preexposed stimuli is reduced (and we posit a disrupted ability to reduce attention to the preexposed/irrelevant stimulus). (2) An enhancement of latent inhibition in which the difference in the rate of learning to the preexposed and non-preexposed cues is increased (and we posit an enhanced ability to reduce attention to the preexposed/irrelevant stimulus). Latent inhibition thus provides a measure of the balance between these two extremes of attentional processing, which together, are thought to underpin the key symptoms of schizophrenia (4, 10). Attenuated latent inhibition is deemed particularly relevant to the positive symptoms (i.e., hyper-dopaminergic state) of the disorder; with an inability to reduce attention to irrelevant information driving a psychotic state. Whereas enhanced latent inhibition is related to the negative and cognitive symptoms [i.e., cholinergic and hypo-glutamatergic; see (11)]; where augmented reduction in attention to the preexposed stimulus is considered a reflection of an inability to switch attentional responding and learn that the preexposed stimulus is now a predictor of an outcome (9).

In line with the well-known dopaminergic contribution to psychosis (12, 13), rats treated with amphetamine show an attenuation of latent inhibition (14, 15) which is successfully reversed by dopamine-blocking antipsychotic drugs [for a review see (10)]. This has been replicated in humans [see (10, 11)], providing support for amphetamine-induced disrupted latent inhibition as a model of positive symptoms of schizophrenia. In contrast to dopaminergic effects, and in line with the idea that glutamatergic and cholinergic signaling drives the negative and cognitive symptoms of schizophrenia, NMDA antagonists (i.e., MK801) that inhibits glutamate as well as nicotinic acetylcholine receptors (nAChRs) (16) have demonstrated an opposing effect, producing enhancement (excess) of latent inhibition in humans and animals [(10); but see (17)].

The existence of dissociable forms of perturbation in latent inhibition is supported by observations of attenuated latent inhibition in acutely psychotic patients experiencing positive symptoms [e.g., (18–21)], and an enhancement of latent inhibition demonstrated in patients experiencing a predominance of negative and cognitive symptoms (9, 20, 22–24). As these attentional manifestations can be mapped onto underlying neural systems considered dysfunctional in schizophrenia, latent inhibition lends itself as a potential tool for detecting patients with different neurochemical states and symptomologies.

As anti-psychotic treatments are largely ineffective at treating the negative and cognitive symptoms of schizophrenia (25–27), many attempts have been made to develop non-dopaminergic treatments for cognitive impairment associated with schizophrenia. Several of these efforts have emphasized the α7 subtype of nAChRs due to the preponderance of patients with schizophrenia who self-medicate with nicotine to manage cognitive and negative symptoms and the side effects of anti-psychotic medications [(28), but see (29)]. This hypothesis is built on evidence that nicotinic receptor signaling is fundamentally decreased in individuals experiencing schizophrenia, and thus patients are using the most readily available method for pharmacologically targeting this system in an attempt to restore signaling to appropriate levels (30).

In humans, reports of the effects of nicotine on latent inhibition are however limited. Thornton et al. (31) reported that nicotine failed to affect latent inhibition in non-smokers who were tested following subcutaneous administration of nicotine, vs. a placebo-treated control group. Although, in a group of smokers vs. non-smokers, Della Casa and Feldon (32) reported that latent inhibition was enhanced. Pre-clinically however, a α7-nAChR partial agonist, SSR180711, has been shown to reinstate latent inhibition following administration of the NMDA receptor antagonist MK801 (33), as well as improve attention and memory performance. Furthermore, α7-nAChR agonists have been shown to improve P50 attentional gating deficits as well as cognitive performance on measures of sustained attention, measured by the Cambridge Neuropsychological Test Automated Battery (CANTAB) in patients with chronic schizophrenia (34). Additional evidence supports a moderate correlation between P50 and latent inhibition [r > 0.6 (35)]. With the pro-cognitive potential of nicotine-enhancing agents for the treatment of cognitive impairment associated with schizophrenia, the current study aimed to investigate the sensitivity of a novel latent inhibition task [see (36)] to nicotine exposure vs. placebo in non-smoking individuals. Treatment of improved attentional filtering (enhanced latent inhibition) following nicotine vs. placebo treatment could provide evidence to determine the future research and potential clinical validation of this latent inhibition task that may serve as a potential tool to identify patients with schizophrenia most likely to benefit cognitively from a nicotinic-based treatment.

This study aimed to evaluate the sensitivity of latent inhibition to both clinically-relevant (dopaminergic) and pro-cognitive pharmacological (nicotinic) manipulations. Experiment 1 explored the sensitivity of the latent inhibition task to a 7.5% carbon dioxide (CO2) challenge as a model of anxiety-induced dopamine release. Given evidence that the 7.5% CO2 challenge is accepted as a robust method to induce state anxiety (37, 38) and state anxiety increases dopamine release (39, 40), it was hypothesized that latent inhibition would be attenuated during the CO2 gas inhalation, compared to inhalation of medical air, in a single-blind crossover design in healthy volunteers. Experiment 2 conversely explored the sensitivity of the latent inhibition task to a pro-cognitive model relevant to the treatment of cognitive impairment associated with schizophrenia by examining the effect of nicotine administration on latent inhibition. It was hypothesized that latent inhibition would be increased (i.e., improved attentional filtering) following nicotine administration, compared to placebo, in a single-blind crossover design in non-smoking healthy volunteers.



EXPERIMENT 1: EFFECTS OF 7.5% CARBON DIOXIDE INHALATION ON LATENT INHIBITION


Materials and Methods


Design

In experiment 1, 30 healthy volunteers were administered either 7.5% CO2 or medical air to induce dopamine release via induction of state anxiety, in a single-blind crossover design, with 30-min washout between gas inhalations. The gas orders were counterbalanced across participants.



Participants

Thirty non-smoking healthy volunteers were recruited from the University of Bristol and the local community via email lists, poster, and fllier advertisements and the Tobacco and Alcohol Research Group newsletter and website. The exclusion criteria were age under 18 or over 50 years, daily smoking, history of drug/alcohol dependency, pregnancy or breast feeding, recent use of prescribed or illicit drugs, uncorrected visual or hearing problems, diagnosed medical illness, and not being registered with a general practitioner. Pregnancy and recent drug use were assessed by urine screen, whereas all other criteria were confirmed by self-report. Participants were also excluded if they had high systolic or diastolic blood pressure (SBP/DBP) (<140/90 mmHg), bradycardia or tachycardia (<50 or >90 beats per min), or a body mass index (BMI) outside a healthy range (<18 or >30 kg/m2) (all physically assessed). Psychiatric health was assessed using a truncated MINI International Neuropsychiatric Interview (41). Participants refrained from consuming alcohol for 36 h prior to the study day. Expired breath alcohol and carbon monoxide readings were taken, and participants were to be excluded if the readings were >0 or ≥10, respectively. No candidate participants had to be excluded from the research. The study was approved by the University of Bristol, Faculty of Science Research Ethics Committee. Sample size was determined based on a previous study of a similar nature (38).



Gases and Questionnaires

The gases were 7.5% CO2 or medical air (21% oxygen; BOC Ltd.). These were administered using an oro-nasal mask (Hans Rudolph, Kansas City, MO, USA). Questionnaires included the State-Trait Inventory for Cognitive and Somatic Anxiety (STICSA) (42), Positive and Negative Affect Schedule (PANAS) (43), and the Oxford-Liverpool Inventory of Feelings and Experiences as a measure of schizotypy to ensure baseline schizotypy scores were within normative range [O-LIFE (44)].



Latent Inhibition Task

A modification of Granger et al.'s (36) latent inhibition task was used and delivered via the CANTAB Connect web-based software platform. Two equivalent versions of the task were used (one during each gas inhalation). Each participant completed the task on a 17-in. LCD monitor at a resolution of 1,280 × 1,024 with a 60-Hz refresh rate. The latent inhibition task was accessed via a web-based link that directed participants to the CANTAB Connect platform-hosting site for the task and data collection. Stimuli were white capital-letters in Arial-font (7 mm × 5 mm; h × w) presented for 1,000 ms each on the computer-screen with a black background. There were two versions of the task to enable repeat testing that were counterbalanced across participants. For version 1, the stimulus-letters were S and H; one of the letters served as the preexposed stimulus and the other was the non-preexposed stimulus, counterbalanced across participants. The target was the letter X, with filler-letters D, M, T, and V; see Figure 1 for an example. For version 2, the stimulus letters were R and O, and again one of the letters served as the preexposed stimulus and the other was the non-preexposed stimulus, counterbalanced across participants. The target was the letter Z, with filler-letters F, N, K, and A.


[image: Figure 1]
FIGURE 1. Experimental design and example stimuli for the test stage of the latent inhibition task. Each trial comprised a 1,000 ms presentation of a stimulus separated by an inter-stimulus interval (ISI) of 150 ms. Participants were required to use the computer mouse to click the button on-screen either when the target stimulus “X” appeared on screen, or before it appeared if they could predict it as the next letter in the sequence. The preexposed (PE) and non-preexposed (NPE) stimuli were counterbalanced across participants. Numbers in parentheses in the insert refer to trial frequencies.


Each version of the task had two stages: Preexposure and Test. After reading an information sheet and signing a consent form, the following instructions were presented to participants on the computer monitor prior to the task:

“In this task you will see a sequence of letters appearing on the screen. Your task is to press the response button at the bottom of the screen each time the current letter is the same as the one that was presented before last, which is 2 positions back in the sequence. Otherwise, do not respond. When this task ends, you will be given a new set of instructions. Press the arrow below when you are ready to begin.”

During the preexposure stage the preexposed stimulus was presented 20 times, intermixed in a random order with presentations of filler letters each of which was presented 15 times; each stimulus was presented for 1,000 ms separated by a 150 ms inter-stimulus interval. The non-preexposed stimulus and target letter (X or Z) were not presented during the preexposure stage. Following completion of the pre-exposure phase, participants were presenting with a new set of instructions prior to the test phase:

“In this task you will see a sequence of letters appearing on the screen. Your task is to try and predict when a letter 'X' is going to appear. If you think you know when the 'X' will appear then you can press the response button early in the sequence, which is before the 'X' appears on screen. Alternatively, if you are unable to do this please press the response button as quickly as possible when you see the letter 'X'. There may be more than one rule that predicts the 'X'. Please try to be as accurate as you can, but do not worry about making the occasional error. If you understand the task, please press the arrow below when you are ready to begin.”

The test stage instructions were the same for the second version of the latent inhibition task but with the instruction to predict the letter “Z” rather than “X.” For the test stage, the preexposed stimulus and the non-preexposed stimulus were each presented 20 times followed by a 1,000 ms presentation of the target stimulus. There were also 20 non-cued presentations of either “X” or “Z” during which the target was preceded by one of the four filler letters, each of which preceding the target five times. In total there were 64 presentations of the filler letters throughout the test phase. The whole task lasted 7 min.

Reaction times (RTs) in the test stage were recorded from the onset of the preexposed and non-preexposed stimulus that preceded the target letter (X or Z) for each participant. Each stimulus was presented for 1,000 ms separated by a 150 ms inter-stimulus interval. Reaction times could range from 0 to 2,150 ms; reaction times <1,150 ms, indicated participants predicted the occurrence of the target as the next letter in the sequence. Whereas, reaction times between 1,150 and 2,150 ms, indicated participants responded to the target when it appeared on screen. Median reaction times for responses to the preexposed and non-preexposed stimuli were calculated for each participant as the median is less biased by extreme values compared to the mean. Correct responses were also calculated for each individual. If the participant had predicted the target (i.e., they had pressed the spacebar on the letter immediately preceding the target) it was deemed that this was a correct response. For each participant the number of correct responses to the preexposed and non-preexposed stimuli were counted separately for each stimulus type (preexposed and non-preexposed).



Procedure

Prior to the session, a telephone screen assessed basic eligibility. Eligible participants attended a single test session, at which full written informed consent was obtained and further screening assessments were conducted. If eligibility was met, baseline questionnaire (STICSA, PANAS, and O-LIFE) and cardiovascular [blood pressure (BP) and heart rate (HR)] measures were recorded. The inhalation began with 60 s of free breathing before the tasks were started (this allowed for the gas to start taking effect before data collection began). Inhalations then continued for the duration of the latent inhibition task (up to 20 min for each inhalation). Immediately after each inhalation, measures of BP, HR, STICSA, and PANAS were completed, and there was a 30-min washout period between gas inhalations. The second inhalation followed the same procedure as the first. After the inhalations were complete, participants remained in the room for a minimum of 20 min, to allow any effects to dissipate. Participants were then debriefed and reimbursed £20. A follow-up call was conducted 24 h later to assess whether any adverse events had occurred.




Results


Characteristics of Participants

The participants (n = 18; 60% female) were between 19 and 32 years of age (M = 23, SD = 3.4). STICSA state and trait baseline scores ranged between 21 and 50 (M = 28, SD = 7) and between 2 and 31 (M = 25, SD = 5), respectively. Baseline PANAS scores ranged between 21 and 43 (M = 25, SD = 5) and for the sub-dimensions of O-LIFE: Unusual Experiences (positive schizotypy); 0 and 19 (M = 4, SD = 5), Cognitive Disorganization; 0 and 18 (M = 7, SD = 6), Introvertive Anedonia (negative schizotypy); 1 and 11 (M = 4, SD = 3) Impulsive Non-conformity; 0 and 11 (M = 6, SD = 2). O-LIFE scores were relatively comparable to normative values and those reported in previous studies (44) demonstrating baseline schizotypy scores representative of a healthy sample.



Subjective and Cardiovascular Effects

State anxiety (STICSA), negative affect (PANAS-negative), SBP, DBP, and HR were higher, and positive affect (PANAS-positive) was lower, after CO2 than after medical air inhalation (see Table 1), confirming the validity of the manipulation to induce state anxiety. Importantly, at baseline, there were no significant differences between conditions (CO2 vs. medical air) for any subjective or cardiovascular event using independent sample t-tests (all p > 0.45).


Table 1. State anxiety, affect, and cardiovascular function show significant differences during CO2 vs. air inhalation (paired t-test comparisons).
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Latent Inhibition: Reaction Time

Figure 2 shows the group mean of individual median reaction times to the target (X or Z) across the 20 test trials for the preexposed and non-preexposed stimuli. For the medical air condition, it can be seen that reaction times were slightly faster during the non-preexposed than the non-preexposed stimulus trials, indicating successful induction of the expected latent inhibition effect. In the CO2 condition however, the effect is, if anything, in the reverse direction indicating slightly faster reaction times to the preexposed stimulus. This impression was explored using a 2 (stimulus: preexposed, non-preexposed) × 2 (gas: CO2, medical air) repeated measures analysis of variance (ANOVA) on individual median reaction times, which revealed a significant main effect of stimulus F(1, 29) = 7.718, p = 0.009, partial η2 = 0.210 indicating an overall effect of latent inhibition; there was no significant main effect of gas (F < 1). Pre-planned comparisons revealed a significant effect of stimulus in the medical air F(1, 29) = 8.440, p = 0.0017 partial η2 = 0.225 but not the CO2 condition F(1, 29) = 1.875, p = 0.181; confirming an effect of latent inhibition observable in the anticipated direction in the medical air condition, and an absence of this effect, in the CO2 condition, see Figure 2. The overall 2-way interaction (stimulus × gas) was however not significant (F < 1).


[image: Figure 2]
FIGURE 2. The mean reaction time to the target cued by preexposed stimuli and non-preexposed stimuli in the test stage of the latent inhibition task. Successful effect of latent inhibition is seen in the medical air condition, but attenuated or reversed during CO2 inhalation. Error bars are 1± within-subject standard error of the mean [see (45)].




Latent Inhibition: Correct Responses

Figure 3 shows the group mean of individual correct responses to the target (X or Z) across the 20 test trials with the preexposed and non-preexposed stimuli. For the medical air condition, it can be seen that correct responses were higher for the non-preexposed than the preexposed stimulus trials, illustrating a potential effect of latent inhibition. In the CO2 condition, by contrast, the amount of correct responses to both preexposed and non-preexposed stimuli appear relatively equal, indicating an absence of latent inhibition. This impression was confirmed with pre-planned comparisons revealing a significant effect of stimulus (preexposed vs. non-preexposed) only in the medical air condition, F(1, 29) = 5.805, p = 0.023, partial η2 = 0.167, indicating the presence of latent inhibition. There was no significant effect of stimulus in the CO2 condition F(1, 29) = 0.011, p = 0.919, indicating the absence of this effect (see Figure 3) in this sample of participants. There was however no overall main effect of stimulus F(1, 29) = 2.690, p = 0.112 or of gas using a 2 (stimulus: preexposed, non-preexposed) × 2 (gas: CO2, medical air) repeated measures ANOVA but the overall 2-way interaction between stimulus × gas approached significance F(1, 29) = 3.554, p = 0.069, partial η2 = 0.109.
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FIGURE 3. The mean number of correct responses to the target cued by preexposed stimuli and non-preexposed stimuli in the test stage of the latent inhibition task. Successful effect of latent inhibition is seen in the medical air condition, but attenuated or reversed during CO2 inhalation. Error bars are 1± within-subject standard error of the mean [see (45)].





Discussion

Experiment 1 was successful in using 7.5% CO2 inhalation vs. medical air inhalation to induce state anxiety with results were in the anticipated direction: state anxiety measured by the STICSA (42) was significantly higher following CO2 inhalation with a large Cohen's d effect size. In addition, negative affect as measured by the PANAS (43), heart rate, systolic and diastolic blood pressure were all significantly higher following the inhalation of CO2, with generally large effect sizes. The validity of this manipulation to induce state anxiety is in line with previous research findings [see (38)].

Using both reaction time and correct response data, the results indicated that an effect of latent inhibition (faster/better learning to the non-preexposed stimuli compared to the preexposed stimuli) was only observable during the inhalations of medical air. During the 7.5% CO2 inhalations, the effect of latent inhibition was absent, which was particularly prominent when correct responses were used as the dependent variable. Interestingly, the absence of the latent inhibition effect in the CO2 condition seems to be primarily driven by a reduction in learning to the non-preexposed stimulus, indicating an observation of an induced learning deficit by CO2 exposure. The lack of overall interaction however between latent inhibition and gas condition is potentially due to a lack of power, as the sample size of the current study was relatively small. To increase the power of the study e.g., to 95%, we recommend the use of N = 40 in future studies to obtain a moderate effect size of dz = 0.6 at an alpha level of 5%. The direction of the current results nevertheless provide support for the Experiment 1 hypothesis and existing research that reports an absence and/or attenuation of latent inhibition under state anxiety, and by extension, augmented dopaminergic conditions relevant to schizophrenia [e.g., (10, 18–21)].




EXPERIMENT 2: EFFECTS OF NICOTINE ON LATENT INHIBITION IN NON-SMOKERS


Materials and Methods


Design

To assess the sensitivity of latent inhibition to a pro-cognitive pharmacological manipulation, Experiment 2 evaluated latent inhibition in healthy non-smoking volunteers who received a 2 mg dose of nicotine or placebo in a single-blind crossover design with 2-day washout between treatment administrations.



Participants

Twenty non-smoking healthy volunteers were recruited from among members of the University of Bristol and the local community via email lists, poster and fllier advertisements and the Tobacco and Alcohol Research Group newsletter and website. Non-smokers were defined as not having smoked in the past 12 months, and not smoked more than 100 cigarettes in their lifetime. The exclusion criteria were age under 18 or over 50 years, pregnancy or breast feeding, recent use of prescribed or illicit drugs, uncorrected visual or hearing problems. Participants refrained from consuming alcohol for 24 h prior to the study day and were required to refrain from caffeine consumption on test days prior to assessments. Expired breath alcohol and carbon monoxide readings were taken, and participants were to be excluded if the readings were >0 or ≥10, respectively. No candidate participants had to be excluded from the research. The study was approved by the University of Bristol Faculty Of Science Research Ethics Committee. Sample size was determined based on a previous study of a similar nature (46).



Questionnaires and Latent Inhibition Task

A 12-item visual analog scale (VAS) was used to assess aversive effects of nicotine (nausea, dizziness, sweatiness, light-headed, nervous, headache, heart racing, indigestion, tight-throat, increased saliva, change in taste, fatigue), which relate to the most common side effects associated with acute nicotine administration reported in previous studies (47, 48). Additional questionnaires included the STICSA as measure of state and trait anxiety (42) and the O-LIFE as measure of schizotypy (44) to ensure baseline schizotypy scores were within normative range. The modified version of the Granger et al. (36) latent inhibition task was used, as described in Experiment 1.



Procedure

Eligible participants attended two sessions (minimum 2 days apart) at approximately the same time of day. After providing informed consent at the first testing session, further screening assessments were conducted and an expired CO test using a piCO smokelyser (Bedfont Scientific Ltd.) was used to rule out recent smoking. Baseline questionnaire measures (VAS, O-LIFE and STICSA) were then completed, after which participants were administered either 2 mg nicotine mouth spray or placebo (peppermint mouth spray, Boots UK). Treatment administration was single-blind and order of administration was counterbalanced across participants. Following administration, participants were required to sit quietly for 30 min to allow peak plasma nicotine levels to be reached. After which, the latent inhibition task was completed, followed by the self-report questionnaires. Prior to the second session, there was a washout period for a minimum of 2 days. The second session followed the same procedure as the first but delivered the alternative treatment (i.e., nicotine or placebo). At the end of the second session participants were debriefed and reimbursed £30.




Results


Characteristics of Participants

The participants (n = 12; 60% female) were between 18 and 39 years of age (M = 23, SD = 4.6). STICSA trait baseline scores ranged between 22 and 42 (M = 31, SD = 6) and the sub-dimensions of O-LIFE between: Unusual Experiences (positive schizotypy); 0 and 15 (M = 5, SD = 4), Cognitive Disorganization; 0 and 18 (M = 8, SD = 6), Introvertive Anhedonia (negative schizotypy); 1 and 19 (M = 7, SD = 5) Impulsive Non-conformity; 1 and 14 (M = 6, SD = 3). O-LIFE scores were relatively comparable to normative values and those reported in previous studies (44) demonstrating baseline schizotypy scores representative of a healthy sample.



Subjective Effects (Nicotine vs. Placebo)

State anxiety (STICSA) and each of the VAS scores were higher after nicotine than after placebo (see Table 2), indicating that participants experienced the commonly experienced aversive effects of nicotine administration. At baseline, there were no significant differences between treatment groups (nicotine vs. placebo) for any of the subjective self-report measures (STICSA and VAS scores), derived using independent sample t-tests (all p > 0.07).


Table 2. State anxiety and subjective measures demonstrate anticipated aversive effects of 2 mg nicotine vs. placebo in non-smokers (paired t-test comparisons).
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Latent Inhibition: Reaction Time

Figure 4 shows the group mean of individual median reaction times to the target (X or Z) across the 20 test trials with the preexposed and non-preexposed stimuli. For the nicotine condition, reaction times were faster during the non-preexposed than the preexposed stimulus trials, indicating an effect of latent inhibition compared to the placebo group. This impression was explored using a 2 (stimulus: preexposed, non-preexposed) × 2 (treatment: nicotine, placebo) repeated measures ANOVA on individual median reaction times, which revealed a significant main effect of stimulus F(1, 19) = 6.246, p = 0.002, partial η2 = 0.247, indicating an overall effect of latent inhibition; there was no main effect of treatment (F < 1). Pre-planned comparisons revealed a significant effect of stimulus only in the nicotine treatment F(1, 19) = 7.288, p = 0.014, partial η2 = 0.277, indicating an effect of latent inhibition. There was however no significant effect of stimulus in the placebo arm (F < 1), see Figure 4, indicating an absence/reduction of the effect compared to the nicotine treatment. The overall 2-way interaction (stimulus × treatment) was however not significant (F < 1).
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FIGURE 4. The mean reaction time to the target cued by preexposed stimuli and non-preexposed stimuli in the test stage of the latent inhibition task. A potentiation of latent inhibition is seen in the nicotine treatment arm which is reduced for the placebo arm. Error bars are 1± within-subject standard error of the mean [see (45)].




Latent Inhibition: Correct Responses

Figure 5 shows the group mean of individual correct responses to the target (X or Z) across the 20 test trials with the preexposed and non-preexposed stimuli. For the nicotine treatment arm, correct responses were higher for the non-preexposed than the preexposed stimulus trials, indicating an effect of latent inhibition that appears increased relative to the placebo treatment arm. This impression was explored using a 2 (stimulus: preexposed, non-preexposed) × 2 (treatment: nicotine, placebo) repeated measures ANOVA on individual correct responses, which revealed a significant main effect of stimulus F(1, 19) = 7.563, p = 0.013, partial η2 = 0.285 indicating an overall effect of latent inhibition; there was no significant main effect of treatment (F < 1). Pre-planned comparisons revealed a significant effect of stimulus only in the nicotine treatment arm, F(1, 19) = 6.717, p = 0.018, partial η2 = 0.261, indicating an effect of latent inhibition. There was however no significant effect of stimulus in the placebo arm (F < 1), see Figure 5. The overall 2-way interaction (stimulus × treatment) was however not significant (F < 1).
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FIGURE 5. The mean number of correct responses to the target cued by preexposed stimuli and non-preexposed stimuli in the test stage of the latent inhibition task. A potentiation of latent inhibition is seen in the nicotine treatment arm which is reduced for the placebo arm. Error bars are 1± within-subject standard error of the mean [see (45)].





Discussion

This experiment confirmed that nicotine (vs. placebo) induced the commonly experienced aversive effects in non-smokers [cf. (49)], in particular, state anxiety, racing heart, nervousness, sweatiness, and throat-tightness. Both reaction time and correct response data confirmed an overall effect of latent inhibition. Nicotine treatment appeared to produce a greater degree of latent inhibition than the placebo arm (see Figure 5 in particular) indicated by the significant effect of stimulus relative to nicotine administration but not placebo. Whilst the effect of stimulus in the placebo arm was not significant, the anticipated direction of effect for latent inhibition was observable (in particular more correct responses to the non-preexposed stimuli, compared to the preexposed stimuli; Figure 5). This lack of/small demonstration of latent inhibition in the placebo arm could potentially be a result of participant's anticipation of receiving nicotine, generating a compensatory response that is agonistic to the normal effect of nicotine [see e.g., (50)]. In line with this, the anticipatory effect would then also presumably be present in the nicotine treatment condition, but overcome by the pharmacological effect of nicotine itself, as illustrated by the presence of latent inhibition. The statistical exploration of this in the current study e.g., by exploring the order effects of treatment administration on latent inhibition is not however attainable due to restrictions on sample size. To increase the power of the study e.g., to 95%, we recommend the use of N = 40 in future studies to obtain a moderate effect size of dz = 0.6 at an alpha level of 5%. Nevertheless, the current finding which illustrates an observable effect of latent inhibition from nicotine administration, compared to placebo, provides support for existing research [e.g., (31)]. It would be of interest for future research to explore differences in latent inhibition to e.g., 2 vs. 4 mg of nicotine to establish dose sensitivity of the latent inhibition effect. In addition, to further understand the effects of nicotine on latent inhibition, a larger future research study could recruit smokers and non-smokers to evaluate whether a reduced effect of latent inhibition potentiation by nicotine is observed in those who already smoke cigarettes, compared to those who do not [cf. (51)].


General Discussion

Inhalation of 7.5% CO2 raised self-report and physiological measures of anxiety and impaired latent inhibition compared to medical air control; whereas administration of nicotine demonstrated an increased effect of latent inhibition, compared to placebo control. Given supporting evidence that state anxiety increases dopamine (39, 40), the aim of Experiment 1 was to explore the sensitivity of the modified latent inhibition task (36) to an in-direct model relevant to psychosis (positive symptoms associated with schizophrenia) by using the 7.5% CO2 challenge as a way to stimulate dopamine release via induction of state anxiety. In contrast, Experiment 2 aimed to explore the sensitivity of latent inhibition to a pro-cognitive model relevant to the treatment of cognitive impairment associated with schizophrenia by examining the effect of nicotine administration on latent inhibition vs. placebo. The results from these initial experiments suggest latent inhibition warrants further investigation as a potential biomarker for schizophrenia [see also (24)].

Given the sensitivity of latent inhibition to dopaminergic manipulations as seen from existing research [see (10)], and by corollary underlying dopaminergic perturbations observed in psychosis patients (9), further studies should assess whether latent inhibition can be used as a tool to help identify patients and also accelerate or rationalize treatment strategies for patients with psychotic disorders to support decision making. With no biomarker currently available to identify, for example, individuals at ultra-high risk (UHR) for developing psychosis, a means to do so would allow anti-psychotic treatment to be initiated at an earlier stage to reduce the risk of conversion to a full-blown state of psychosis. Currently, treatment for psychosis is not initiated until the first full episode of the disorder emerges (52), and is thus rarely (if at all) provided to UHR individuals. Given existing research supporting the sensitivity of latent inhibition, it has the potential, with further clinical validation, to act as a surrogate marker to detect underlying neurotransmitter perturbations and provide a non-invasive proxy measure of e.g., hyper-dopaminergic state to identify which individuals would, along biological lines, be suited to receiving a dopamine blocker (the mainstream anti-psychotic treatment) to remediate psychosis, or a non-dopaminergic alternative. Considering around one third of patients are also classified as treatment resistant [see (53)], it is a major clinical need to identify ways for patients to be fast-tracked to an appropriate treatment, ideally at initial diagnosis depending upon their neurobiology. Experimental investigations should continue to focus on this in future research, particularly as specialist clinical services are well-placed to benefit from novel means for better identification and/or early treatment options for affected individuals.

The effect of latent inhibition by nicotine administration compared to placebo observed in Experiment 2, provides encouraging support for existing research demonstrating a potentiation of latent inhibition in smokers compared to non-smokers (32) and for preclinical findings that demonstrate demonstrating pro-cognitive effects of an α7-nAChR partial agonist, SSR180711 using latent inhibition as a model to demonstrate treatment efficacy [see (33)]. Given the sensitivity of latent inhibition to cholinergic manipulations and associated neurobiological disruptions, future research should investigate the sensitivity of latent inhibition as a stratification tool to identify the sub-population of patients with schizophrenia that could benefit from pro-cognitive treatment with a α7-nAChR agonist. Despite the biological complexity and heterogeneity of schizophrenia, inclusion criterion for previous clinical trials investigating these potentially pro-cognitive drugs have relied on subjective diagnoses and self-report measures (i.e., the Diagnostic and Statistical Manual of Mental Disorders, 5th Edition: DSM-5). Since DSM-5 criteria neither determine the presence of cognitive impairments cognitive ability nor classify according to underlying neurobiological abnormalities, it is not surprising that these drugs have failed to universally improve cognition among such a heterogeneous group. To date, 87 novel agents have been unsuccessfully trialed for cognitive impairment associated with schizophrenia [see (54)]: a tool to enhance the prediction of treatment efficacy for a core area of schizophrenia where no treatments currently exist has the potential to greatly improve the chances of an effective drug becoming available.




Conclusions

The experiments reported here provide initial research findings that support the potential utility and sensitivity of latent inhibition to relevant manipulations which underpin key neurobiological dysfunctions and symptoms associated with schizophrenia; a tool that is sensitive to these neurobiological states and associated treatment-induced changes holds potential to advance schizophrenia research. Latent inhibition holds potential promise as a biomarker/stratification tool for use in both clinical practice and clinical development for patients that are in need of improved means of illness detection, and improved efficacy of treatment options and outcomes.
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Introduction: Mental disorders are a leading cause of disability worldwide. Depression has a significant impact in the field of occupational health because it is particularly prevalent during working age. On the other hand, there are a growing number of studies on the relationship between “well-being” and employee productivity. To promote healthy and productive workplaces, this study aims to develop a technique to quantify stress and well-being in a way that does not disturb the workplace.

Methods and analysis: This is a single-arm prospective observational study. The target population is adult (>20 years old) workers at companies that often engage in desk work; specifically, a person who sits in front of a computer for at least half their work hours. The following data will be collected: (a) participants' background characteristics; (b) participants' biological data during the 4-week observation period using sensing devices such as a camera built into the computer (pulse wave data extracted from the facial video images), a microphone built into their work computer (voice data), and a wristband-type wearable device (electrodermal activity data, body motion data, and body temperature); (c) stress, well-being, and depression rating scale assessment data. The analysis workflow is as follows: (1) primary analysis, comprised of using software to digitalize participants' vital information; (2) secondary analysis, comprised of examining the relationship between the quantified vital data from (1), stress, well-being, and depression; (3) tertiary analysis, comprised of generating machine learning algorithms to estimate stress, well-being, and degree of depression in relation to each set of vital data as well as multimodal vital data.

Discussion: This study will evaluate digital phenotype regarding stress and well-being of white-collar workers over a 4-week period using persistently obtainable biomarkers such as heart rate, acoustic characteristics, body motion, and electrodermal activity. Eventually, this study will lead to the development of a machine learning algorithm to determine people's optimal levels of stress and well-being.

Ethics and dissemination: Collected data and study results will be disseminated widely through conference presentations, journal publications, and/or mass media. The summarized results of our overall analysis will be supplied to participants.

Registration: UMIN000036814

Keywords: adult psychiatry, mental health, occupational & industrial medicine, wearabe sensors, well-being, stress, protocols, depression


INTRODUCTION

Mental disorders are a leading cause of disability worldwide and, among mental disorders, major depressive disorder was ranked number 1 in years lived with disability in 2017 (1). The lifetime prevalence of depression in Japan is estimated at 6.2% (2002–2006 estimate), which makes it the country's most common mental illness (2). The disease costs are also enormous and are estimated to exceed 3.09 trillion Japanese Yen (~30 billion U.S. dollars) per year (3). Depression has a significant impact in the field of occupational health because it is particularly prevalent during working age (20–65 years of age). It is estimated that more than half of the social loss due to depression is attributed to loss of labor productivity through absenteeism and presenteeism (2). The Japanese government has implemented measures against long working hours (Standards on limits of overtime work in 1998; the revision of the Industrial Safety and Health Act in 2006) and has introduced the stress check system (enforced as of December 2015), but there has not been a significant impact from those measures. In fact, the number of workers' compensation claims related to mental disorders are increasing each year.

On the other hand, there are a growing number of studies on the relationship between “well-being” and employee productivity. The happiness of employees has been reported to be associated with creativity and productivity (4). As the birthrate continues to decline and the aging population continues to increase in Japan, the working age population is also decreasing, requiring each employee to make the most of his/her abilities. Therefore, preventing negative factors such as depression and promoting well-being are major challenges for health management in the workplace and ensuring a stable economy.

Conventionally, it is known that heart rate variability (HRV) reflects autonomic nerve activity and serves as an index of psychological and physical stress. There are many suggested indicators for stress, including standard deviation of all normal-to-normal R-R intervals (SDNN) and the percentage of successive R-R intervals that differ by >50 ms (pNN50) with time domain variables and low frequency (LF), high frequency (HF), and their ratio (LF/HF) as frequency domain variables (5).

In addition, techniques for estimating emotions and depressive symptoms have been developed based on the analysis of speech including formant frequencies (6). The autonomic nervous system and voice characteristics are closely related to each other because most of the vocal fold movement is stimulated by the recurrent nerve, which branches off from the vagus nerve. Johannes et al. reported that speech fundamental frequency increased with psychological load while there was no significant difference with physical load, suggesting that speech fundamental frequency is a good indicator of psychological stress (7). Nakatsu et al. reported that combination of linear prediction cepstral coefficients and pitch-related characteristics predicted classification of 8 emotions using artificial neural network (8).

Furthermore, electrodermal activity measured by a wearable device can reflect the activity of eccrine sweat glands that are controlled only by sympathetic nerve activity, and is therefore expected to be a stress indicator (9). Previous studies have used the above mentioned approaches to measure subjects' degree of stress; however, this prior research comprises only feasibility studies that have simply verified device performance, and/or studies with only a small number of patients or healthy individuals (10, 11).

Moreover, such approaches are only used to evaluate the so-called “short-term stress” of the study period, and are not necessarily reflective of the effects of medium- to long-term stress. In a workplace environment, it is expected that regardless of whether employees experience temporary stress, there should also be situations where people feel a sense of freedom and accomplishment when a task is completed or a problem overcome. To date, very few studies have revealed the relationship between vital data and mid- to long-term stress and well-being in the workplace (12).

With the development of information and communication technology, similar approaches trying to utilize such biological and/or behavioral data to identify depression are reported recently. For example, in the case of HRV, Dell'Acqua et al. reported that HRV reduction can be the predictor for depression as HRV of individuals with dysphoria and in those with past depression was lower than controls (13). Kemp et al. in their meta-analysis on HRV and antidepressant treatment, reported that depression was associated with reduced HRV, which decreased with increasing depression severity (14).

We have reported that the timing related speech features can reflect the severity of depression. Speech rate, pause time, and response time showed significant associations with the total score of Hamilton Depression Rating Scale (15, 16). We have also reported that body movement captured by infrared sensor can be reflective of depression severity (15, 17).

Not only using single modality but combining multimodal data and with machine learning approach it may be more realistic to screen depression or to predict severity of depression. Utilizing wrist band-type wearable device that record three-axis acceleration, heart rate, body temperature, and ultraviolet light exposure, we have reported that it was possible to identify patients with depression with an accuracy of 0.76, and to predict depression severity with a 0.61 correlation coefficient with Hamilton Depression Rating Scale score (15, 18).

This study, which is funded by the Japan Agency for Medical Research and Development (AMED), is an industry-academia collaborative research project that aims to develop new techniques for evaluating mid- to long-term stress and well-being using technologies that will not obstruct normal work environments. By doing so, we hope to promote healthy workplaces and, in the end, to prevent depression in the prime of life.


Research Objectives

The general aim of this study is to develop a technique to quantify stress and well-being in a way that does not disturb the workplace. Our specific objectives are: (1) To evaluate the relationship between the obtained questionnaire-based stress and well-being scores and the employees' vital data, which are collected using: a technique for extracting pulse waves from an image captured by a camera attached to the employee's computer, a technique for extracting emotional components from speech, and a technique for measuring electrodermal activity using a wristband-type wearable device; and (2) to gather information regarding how and when employees are coping to reduce stress or promote enhanced well-being by comparing questionnaire-based stress and well-being scores and the employees' vital data.




METHODS AND ANALYSIS


Study Design

This is a single-arm prospective observational study.



Participant Criteria


Inclusion Criteria

Adult (>20 years old) workers at companies that often engage in desk work; specifically, a person who sits in front of a computer for at least half their work hours (3.5 h a day or more).



Exclusion Criteria

People who correspond to any of the following groups are excluded from this study:

(1) People currently receiving treatment for mental illness, such as depression;

(2) People who suffer from diseases that may affect the acquisition of biometric information. For example, those who have a disease or disorder that affects pulse wave data measurement (persons who have paralysis or involuntary movements on their faces, or heart disease), those who have a disease or disorder that affects speech data measurement (speech difficulty caused by vocal cord extraction, etc.), or those who have a disease or disorder that affects measurement with wearable devices (persons with paralysis of the extremities or involuntary movement, etc.);

(3) People who have difficulty operating a computer, such as using email or the internet;

(4) People who cannot offer biometric information to researchers due to business/security reasons.




Participant and Public Involvement

This study was supported by AMED at the stage of developing proof of concept for quantification of stress and well-being using pulse, speech, body motion, and electrodermal data. The study design was made by industrial doctors who served as consultants for some of the companies for which the participants of this study work. These industrial doctors, who are members of our research team, conducted preliminary meetings with the participants, and based on those meetings, they arrived at the question this study hopes to answer: whether stress and well-being can be quantified by pulse, speech, and electrodermal data. The results of this study will be made available to participants through debriefing sessions at each participating company.



Data Collection

Data will be collected according to the observation period schedule in Table 1.


Table 1. Schedule for data collection and evaluations during the study's observation period.
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(A) Collection of background factors

After obtaining written consent, the following information will be obtained from each participant:

(1) Sex, age, job department, job content, duration of service, position/title, family composition, work commute, household income, etc.;

(2) Information on past medical checkups and stress check information (with consent of participant);

(3) Any current illnesses and prescriptions.

(B) Collection of biological data with sensing devices

Biological information will be recorded at participants' workplaces during the 4-week observation period using methods B-1 through B-3, as described below:

(B-1) Pulse wave data

Participants install software on their work computers that uses a camera built into or connected to the computer to record video images of the participant; the pulse wave data is extracted from the facial video images. The pulse wave data is automatically sent to cloud storage through the software. Participants are asked to start the software when they arrive for work; the software must also be restarted if the participant's computer is put into sleep mode. This contactless pulse wave sensing system has a strong correlation in the R-R interval values compared to data obtained using ECG (r2 = 0.978, p < 0.00001) (19).

(B-2) Voice data

Participants install software on their work computers that uses a microphone built into or connected to their work computer to record the emotional components (pitch, speed, etc.) of participants' speech data. The emotional component data is automatically sent to cloud storage through the software. Participants are asked to start the software when they arrive for work; the software must also be restarted if the participant's computer is put into sleep mode.

(B-3) Electrodermal activity data, body motion data, and body temperature

Participants are asked to wear the Embrace2 wristband-type wearable device, made by Empatica, Inc., continuously during work hours. The device is equipped with an electrodermameter, accelerometer, gyroscope, and thermometer (20, 21).

(C) Collection of stress, well-being, and depression rating scale assessment data; self-reported daily condition

Researchers will send participants an email with a unique URL link for a unique website where participants can answer questionnaires on stress and well-being online. The evaluation scales and their estimated completion times are as follows (see Table 1 for the evaluation schedule):

• New Occupational Stress Questionnaire (modified version) (22)

• Perceived Stress Scale (PSS) (23)

• Satisfaction With Life Scale (SWLS) (24)

• Japanese version of Positive and Negative Affect Schedule (PANAS) (25)

• Japanese Flourishing Scale (FS-J) (26)

• Subjective Well-being/Ideal Happiness (27, 28)

• Japanese version of Patient Health Questionnaire-9 (PHQ-9) (29)

• Self-reported daily condition: an email with a unique URL will be sent to participants every business day; participants will input their condition (stress level, emotions, etc.) and sleep quality for the day in Likert scales, and include any special notes in 1–2 sentences (e.g., “I had a tough day,” “I was praised by my boss today,” etc.).



Data Storage

The data of background factors (Data A) will be recorded on paper by the researcher and then entered by the researcher into the password-locked computer in the laboratory of the researcher and stored.

Pulse wave and voice data (Data B-1 and B-2) will be quantified and automatically uploaded to the server used by the researcher team through a Secure Sockets Layer (SSL) connection. The research team will download this data via an SSL connection to a research computer in the laboratory and analyzes it.

Data of electrodermal activity, body motion, and body temperature (Data B-3) will be captured by the wearable device and transferred to Empatica's cloud in encrypted form using proprietary software, where the raw data from the device will be analyzed and transformed into skin potential, heart rate, body movement, and temperature data. These sensing data will be eventually downloaded to the computers of the Keio University research team for analysis via an SSL connection.

The web-input data (Data C) such as stress, well-being, depression rating scale assessment data, and self-reported daily condition will be entered directly by participants by accessing an input format on a secure cloud computing service created by the research team. The entered data will be stored on the cloud, and the research team will access the cloud and downloads them to the laboratory's computer through an SSL connection.

All data above will be not accessible by the participants' employers.



Data Analysis

The analysis workflow is as follows: (1) primary analysis, comprised of using software to digitalize participants' vital information; (2) secondary analysis, comprised of examining the relationship between the quantified vital data from (1), stress, well-being, and depression; (3) tertiary analysis, comprised of generating machine learning algorithms to estimate stress, well-being, and degree of depression in relation to each set of vital data as well as multimodal vital data. The primary analysis is conducted with technology already established by Panasonic and NEC, who are industrial collaborators in this study. In this research, the results of the primary analysis are used to generate machine learning algorithms for the secondary and tertiary analyses.



Primary Analysis


Primary Analysis of Pulse Wave Data

Software from Panasonic installed on participants' work computers uses a camera to capture facial images of participants using facial detection. Based on skin color changes from blood flow in the images, the software extracts pulse wave data for the participant. The pulse wave data will then be clarified using filtering and noise removal techniques. SDNN, root mean square of successive differences in R-R intervals (RMSSD), Lorentz plot (Longitudinal axis/Transverse axis value), LH/HF ratio, and Tone-Entropy are calculated from the facial video images (1/30 s unit).



Primary Analysis of Voice

Software from Panasonic installed on participants' work computers uses a microphone to acquire speech data from participants. From this data, voice activity detection (VAD; presence/absence of voice), power (volume of speech), pitch, tension (strength of speech), and speech rate data are extracted (in units of 0.5 s), and an emotion estimate is calculated based on the results.



Primary Analysis of Electrodermal Activity

The Embrace2 wristband-type wearable device from Empatica, Inc., is equipped with an electrodermameter, accelerometer, gyroscope, and thermometer, which are used to record and analyze electrodermal activity, acceleration, angular velocity, and skin temperature.




Secondary Analysis

Each result from the primary analyses of pulse wave, speech, and electrodermal activity data will be compared with the self-assessment results for stress, well-being, and depression. Then, we will determine the relationships between the vital data, stress, well-being, and depression. For example, such an investigation could be done by comparing the stress and well-being score quartiles with the vital data, or comparing them among subjects grouped according to depression symptom severity. Multiple regression analysis will be performed in order to predict stress, well-being, or depression using various kinds of vital data. Moreover, cluster analysis will be performed to find a group of people that have similar digital phenotypes and to seek for the potential relationships with clinical phenotypes.



Tertiary Analysis

We will attempt to build a machine learning model to predict depression, stress, or well-being based on single modalities. Various methods, such as support vector machine, decision tree, and deep learning, are used for the machine learning analysis. Machine learning algorithms that estimate stress, well-being, and degree of depression are generated from each of these vital data sets. We will attempt to build a model not only for single modalities, but also one that can utilize all the modalities, namely pulse wave data, voice data, electrodermal activity data, body motion data, and body temperature data, together.



Sample Size

Based on the data obtained from the pilot study (28 cases) conducted prior to this study, we estimated the PSS scores using machine learning analysis of pulse wave and speech data. A gradient boosting decision tree was used for the machine learning algorithm, and hyper parameter was adapted by random search. Accuracy verification is based on 3-fold cross validation. In order to examine the accuracy for each data size, an arbitrary number of data points were extracted at random, and the accuracy for the data size was calculated. The pilot study sample size of 28 subjects was divided and incremented for prediction. The error in the PSS score range of 0–40 corresponds to a score of 2 when an error in the predicted value of PSS of up to around 5% is warranted. When aiming for a root mean square error of 2 or less, we found that 200 cases are required, as shown in Figure 1. Regarding dropouts, we considered that the 4-week-long observation as well as filling out multiple self-rating scales can be burdensome to participants, and the dropout rate can be high. Considering the dropout rate would be 30–35%, we will aim to recruit 300 cases.
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FIGURE 1. Sample size and root mean square error of the PSS score in the pilot study.





DISCUSSION

The main aim of this study is to develop a technique to quantify stress and well-being in a way that does not disturb the workplace using vital data. Depression is a major problem in the field of occupational health, with its high incidence, especially among people of working age. The social significance of our project will be great because the occurrence of psychiatric disorders such as depression may be suppressed through self-management and improvement of working conditions in the companies if the quantitative measurement of stress and well-being, which is the ultimate goal of this study, can be achieved.

In this study, biometric information such as pulse wave, voice, and skin potential will be collected without any special intervention while the research collaborators are working. In addition, the research collaborators will be asked to cooperate in data entry through questionnaires, but as described below, the burden will be kept to a certain extent. We will use a web camera, a microphone, a wrist-band wearable device to obtain pulse, voice, and skin potential data, and a web-based questionnaire, which may cause psychological, physical, and time burdens. However, we believe that the burden will be small because we will not intervene and the questionnaire will be administered in a way that will not interfere with normal work and it takes a maximum of about 10 min per session.

The study will also include a rating scale for depression, on which significantly higher scores are presumed to indicate a higher risk of depression. If a recruited person will present any psychiatric disorder during the study, he or she will receive information that would not have been available to him or her if he or she had not participated in the study. The possibility that this may lead to a psychological burden on the individual cannot be denied. Only individuals who agreed that he or she will be informed of accidental findings are recruited. In addition, when the score of the rating scale for depression indicates he or she may have depression, an appropriate action should be taken, such as referring the participant to an appropriate medical institution if he or she wishes to do so. Moreover, the participant will be informed that sensing can be discontinued by shutting down the software or removing the wearable device, and that he or she may do so temporarily if it causes a psychological burden. Prior to the study, consent with the field companies will be obtained using a memorandum of understanding to ensure the privacy of research collaborators (e.g., not to disclose data without the participant's consent).

Challenges of the study are as follows. First, there will be a potential bias that those who are originally interested in the physical and mental health conditions may collaborate in the study. For this reason, participants who are currently being treated for psychiatric disorders, such as depression, will be excluded from the study, and efforts will be made to recruit a wide range of participants. Second, there will be also the issue of adherence. Failure to fill out the questionnaire or not obtaining biometric data may be considered. The researchers will try to reduce the burden on research participants as much as possible to minimize the time and effort required for inputting information and improve adherence. The researchers also consider rewarding each participant based on the response rate to the survey and the amount of time the participant will spend using the devices. Third, as the data collection is done in a natural setting in workplaces, we will lack the control data such as setting participants an experimental task where we can compare the data under strong stress.
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Access to affordable, objective and scalable biomarkers of brain function is needed to transform the healthcare burden of neuropsychiatric and neurodegenerative disease. Electroencephalography (EEG) recordings, both resting and in combination with targeted cognitive tasks, have demonstrated utility in tracking disease state and therapy response in a range of conditions from schizophrenia to Alzheimer's disease. But conventional methods of recording this data involve burdensome clinic visits, and behavioural tasks that are not effective in frequent repeated use. This paper aims to evaluate the technical and human-factors feasibility of gathering large-scale EEG using novel technology in the home environment with healthy adult users. In a large field study, 89 healthy adults aged 40–79 years volunteered to use the system at home for 12 weeks, 5 times/week, for 30 min/session. A 16-channel, dry-sensor, portable wireless headset recorded EEG while users played gamified cognitive and passive tasks through a tablet application, including tests of decision making, executive function and memory. Data was uploaded to cloud servers and remotely monitored via web-based dashboards. Seventy-eight participants completed the study, and high levels of adherence were maintained throughout across all age groups, with mean compliance over the 12-week period of 82% (4.1 sessions per week). Reported ease of use was also high with mean System Usability Scale scores of 78.7. Behavioural response measures (reaction time and accuracy) and EEG components elicited by gamified stimuli (P300, ERN, Pe and changes in power spectral density) were extracted from the data collected in home, across a wide range of ages, including older adult participants. Findings replicated well-known patterns of age-related change and demonstrated the feasibility of using low-burden, large-scale, longitudinal EEG measurement in community-based cohorts. This technology enables clinically relevant data to be recorded outside the lab/clinic, from which metrics underlying cognitive ageing could be extracted, opening the door to potential new ways of developing digital cognitive biomarkers for disorders affecting the brain.

Keywords: EEG, EEG biomarker, cognition, gamification, mobile EEG


INTRODUCTION

Recent advances in digital technologies provide a wealth of opportunity in the management of health conditions. In neurological disease the heterogeneity and complexity of conditions, along with continuing reliance on traditional subjective measurement tools, have presented a challenge for the development of data-driven biomarkers for diagnosis, monitoring and prediction of therapeutic response (1–7). The suite of tools described in this paper was designed to enable longitudinal, in-home data collection of brain electrophysiology and cognitive performance. The platform comprises (1) a dry sensor, wireless electroencephalography (EEG) headset that records brain activity, (2) gamified versions of cognitive tasks, and (3) cloud-based storage and automatic processing—with the aim of identifying potential digital biomarkers with utility in neuropsychiatric and neurodegenerative disorders.

EEG directly reflects neural synaptic function, with similar patterns from animal to human (8–10) and thus has substantial potential as a brain-based, translatable biomarker for diseases such as schizophrenia (11–18), depression (19–21) and Alzheimer's disease (AD) (22–29). However, traditional research EEG setups are effortful and time-consuming, requiring expensive equipment and the support of personnel with technical training. Single or infrequent lab-based EEG recording sessions may be affected by a range of factors including fluctuations in levels of participants' mental alertness, fatigue and task-induced mental workload (30, 31). Similarly, cognition as traditionally measured in therapeutic research and practise tends to take the form of clinician administered batteries of neuropsychological tests [e.g., (32, 33)] which, whilst low burden and relatively inexpensive, are subject to variability in scores on repeated testing occasions (34). Infrequent, “snapshot” assessments are subject to measurement error arising from multiple factors, such as practise effects (35–37), the “white-coat effect” related to anxiety about suspected cognitive impairment (38), and day-to-day fluctuations in context (39), in mood and in perceived stress (40–44).

The adoption of modern technology into medicine allows for more innovative forms of data collection (e.g., wearable devices), increasing objectivity and taking advantage of powerful analytical tools to probe complex diseases. Further, digital tools may allow for more frequent sampling and detection of subtle daily fluctuations, at minimal disruption to the patient since data may be collected both inside and outside of the clinic. Progress in modern electronics and dry sensor technology means that EEG is emerging from amongst standard brain imaging methods as a mobile technology, suitable for deployment to very large cohorts for convenient at-home use (45). Likewise, neuropsychological testing can now be completed outside of the clinic through the use of automated, web-based assessments (46–49).

Mobile EEG systems are advancing quickly. Several studies have shown that it is possible in principle to collect EEG recordings using consumer-grade hardware, and from the data extract potentially useful neuronal signals, including spectral band-power measures (45, 50, 51) and task-evoked event-related potentials (ERPs) (52–55). However, studies using such devices have typically required some specialist equipment (e.g., a computer running bespoke software to present stimuli and record EEG), and a specialist experimenter to set up and supervise the recording. In addition, most consumer-grade EEG platforms operate using low numbers of electrodes, leaving some research questions and certain types of analysis out of reach for researchers. To the authors' knowledge, there exists no prior example of large-scale, unsupervised in-home, repeated sampling ERP research using a dry-sensor, portable, user-friendly EEG platform.

Innovative solutions can be deployed to enable us to carry out unsupervised data collection without placing undue burden on the user, such as ‘dry' sensors (i.e., eschewing the conductive gel used in the laboratory in favour of an easier electrode setup) and automated user-facing stepwise tutorials and notifications (to compensate for reduced environmental control outside the laboratory). Similarly, for use at home over repeated sessions, EEG/ERP tasks as used in research may not be particularly exciting or motivational for the user, but applying gamification can make these tasks more engaging and rewarding for participants (56) and gamified cognitive tasks can facilitate global data gathering on an unparalleled scale (57).

The study presented here was a first, proof-of-concept, field study to test the human-factors and technical feasibility of an early version of the Cumulus Neuroscience platform in a cohort of healthy adults spanning an age range up to 79 years old. In this paper we investigate the potential of this platform to capture in-home, frequent repeated measurement of EEG and behavioural metrics of cognitive ageing, metrics that also have broader appeal as potential cognitive biomarkers for the diagnosis and treatment of disorders affecting the brain. Use of the platform on a regular basis over 3 months assesses the acceptability of long-term use for future use cases where longitudinal progression tracking is required, avoids dependence on a single “snapshot” measurement, and allows for improved signal quality through aggregation of EEG data collected in the home (an unsupervised environment).

Analyses are presented that quantify reported ease-of-use, and resultant levels of weekly adherence over a period of 3 months of unsupervised at-home use. The gamified cognitive tasks are evaluated for face-validity, by comparing key known behavioural effects with data gathered in the home, and examining effects of age that have been reported in the literature. Similarly the EEG data is examined at grand-average level to confirm that it replicates the main features (waveform morphology and timing, frequency content, scalp topography) of the neural signatures that the gamified tasks are designed to elicit.



METHOD


Participants

89 healthy adult volunteers (67 female), aged between 40 and 79 years (mean 58.78, s.d. 8.86) with a Montreal Cognitive Assessment (MoCA) score ≥24 gave informed consent to take part in the procedures approved by Queen's University Belfast Ethics Committee. Recruitment channels included “Join Dementia Research,” local community groups and use of print media and social media.



The Platform

The platform was designed to enable frequent, objective sampling of brain-based markers of cognition inside and outside of the clinic/lab setting, using a dry sensor, wireless encephalography (EEG) headset that records brain activity, accompanied by gamified versions of cognitive tasks presented via a tablet-based app. Upon logging into the app, a stepwise tutorial guides the user through setup of the headset (covering placement on the head, positioning of the detachable mastoid sensors and feedback on sensor impedances) in preparation for recording data during the gamified tasks. Cloud-based secure methods are used for collection and automatic processing, as well as integration with other data streams (in this study participants wore a fitness tracker, the Withings Go) and web-based dashboards for monitoring and data visualisation on a daily, session-by-session basis (Figure 1).


[image: Figure 1]
FIGURE 1. Flow of EEG and behavioural data.



EEG

The wireless EEG headset (Figure 2) consists of dry flexible Ag/AgCl coated polymer sensors at 16 channels (O1, O2, P3, Pz, P4, Cz, FT7,FC3, FCz, FC4, FT8, Fz, AF7, AF8, FPz). The left and right mastoids are used for reference and driven-bias, with single-use, snap-on electrodes attached to wires extending from the headset. The electronics and sensors are mounted on flexible neoprene, and the stretchable structure incorporates anatomical landmarks in the form-fit of the headset to encourage consistent placement by users in line with the 10–20 sensor system. The analogue headset has high input impedance of 1 GΩ, a configurable driven bias function for common-mode rejection, built-in impedance checking, and configurable gain and sampling rates. An onboard processor and Bluetooth module transmit 250 Hz EEG data to the tablet, from where it is transferred to a cloud server for storage and processing. EEG recording and behavioural events are timestamp synchronised to ±2 ms.


[image: Figure 2]
FIGURE 2. Sixteen-channel wireless headset designed with pliable sensors and the sensor signal quality check.




Cognitive Tasks

The gamified tasks (Figure 3) are based on well-known paradigms from experimental electrophysiology and cover a range of core cognitive functions. Cognitive/electrophysiological tasks were gamified with the aim of improving motivation, i.e., to enhance attentiveness during testing and to prevent boredom over repeated plays, while maintaining the core cognitive components of the original task. Feedback on gameplay performance was provided (e.g., points awarded for speed of responses where appropriate), along with personalised leaderboards to promote long-term adherence to the study schedule. Each daily session comprised a resting state plus two of the four other games (alternating between sessions). Participants also answered a daily health and lifestyle questionnaire to further contextualise the daily recordings. Daily sessions were designed to take <30 min total time from start to finish.


[image: Figure 3]
FIGURE 3. Images of 2-stimulus visual oddball, flanker, n-back, and delayed match-to-sample gamified tasks.



Two-Stimulus Visual Oddball

This gamified version of the classic 2-stimulus visual oddball paradigm (58), presents target stimuli (aliens—requiring the participant to tap on the screen, n = 30) and non-target stimuli (visually different aliens—requiring no response from the participant, n = 70) across five levels of gameplay, as well as 15 “bonus” stars throughout the game (to enhance gameplay and not included for analysis). Behaviour (reaction time and response accuracy) and corresponding EEG correlates are indicative of neural dynamics of the decision-making process and the attention and working memory on which it relies (59–61). Using EEG, a positive voltage deflection can be observed over the parietal cortex starting ~300 ms following presentation of the stimulus, known as the P300 event-related potential (ERP). With advancing age, the amplitude of the P300 is known to decrease, and its latency known to increase (62–64).



Flanker

Inhibition and error awareness were probed using a gamified version of the Erikson Flanker task (65). Fish served as directional stimuli and were presented across five levels with a shoal of fish (flanking stimuli) appearing first, followed by the central (target) fish. The participant was asked to tap on the side of the screen corresponding to the direction of the central fish, ignoring the flanking fish (either congruent or incongruent stimuli, split evenly between the 150 trials), presenting a cognitive challenge reflected in behavioural responses (accuracy and reaction time) and EEG. The relevant EEG metric extracted from this task is the Error-related negativity (ERN)—a negative voltage deflection observed on error trials most prominently over the fronto-central scalp, followed by a subsequent positive rebound in the signal (the Error Positivity, or Pe) (66). Previous studies have consistently reported a decrease in the negative amplitude of the ERN with progressing age (67).



N-Back

The visual n-back paradigm (68) taxes working memory and executive function with age-related differences in behavioural performance, according to recent meta-analysis (69). In the current study, this game had a continuous short-sequence memorisation of 4 different playing cards where the participant was asked whether the current card is a “match” or “no-match” to the card seen 2 trials before. This 2-back paradigm consisted of 100 trials presented across two levels, with a 33% match rate.



Delayed Match-to-Sample

A visual delayed match-to-sample task, this task targets recognition memory, a key cognitive function known to be affected by age (70), across 50 trials, presented in blocks of 5, with 50% overall match rate (71). Each level is set in a specific location (beach, jungle, etc) where the user is presented with a variety of objects which must be encoded into memory to be retrieved after a brief (10-s) distractor game which involves connecting dots. Points are earned by identifying previously presented items at retrieval and rejecting unseen items.



Resting State

In this passive task (72) participants selected a relaxing scene (forest, park or beach) for 1 min of restful eyes open followed by 1 min eyes closed. This task elicits resting electrocortical activity and seeks to produce an increase in the neural oscillatory power of the alpha frequency band (7–13 Hz) when eyes are closed relative to eyes open, a physiological measure sensitive to a range of neurocognitive and psychiatric disorders, ageing, as well as sleep quality and caffeine intake (22, 73–75).




Procedure

Participants attended two in-lab sessions, at baseline and following 12 weeks of at-home use of the platform.


Lab Sessions

Lab sessions consisted of neuropsychological testing followed by in-lab use of the platform. Neuropsychological assessment was carried out for screening and to facilitate potential longitudinal follow-up and/or comparison with other datasets, and is not analysed in this paper. The MoCA (76) was selected as a screening tool using a cut-off of ≥24 to be representative of normal cognitive function, in line with findings reported in the Irish older adult general population (77, 78). Participants then completed tasks from the Cambridge Neuropsychological Test Automated Battery (CANTAB) covering multiple domains including psychomotor skills, executive function, memory and attention domains before completing a session with the platform. Participants provided ratings of the usability of the platform at baseline, 6 and 12 weeks into the study on the System Usability Scale (SUS), a 10-item industry standard questionnaire designed specifically to assess use of technology (79).




Home Sessions

Participants were asked to use the platform as described in section The Platform, at home, over the course of 12 weeks. These sessions were ~25–30 min and participants were asked to contribute 5 sessions per week (one session per day, days unspecified for participant convenience). Throughout the 12-week period, participants wore a fitness tracker to monitor their step count and sleep, and answered questions about daily well-being and lifestyle habits (not analysed in the current paper).




Analysis

To measure usability of the platform across age groups and feasibility of extracting features reflecting cognitive ageing, participants were assigned to three groups for analysis: those aged 40–54 (n = 26), 55–66 (n = 35), and 67–79 (n = 17) years. Usability measures used for analysis were adherence and participant-reported SUS scores, as well as technical measures of signal reliability. To investigate feasibility and explore effects of cognitive ageing, behavioural and EEG metrics were extracted across age groups. Additionally, event-related potential waveforms were plotted for comparison based on single game-play median epoch, single-participant averaged epochs and whole-sample grand averaged epochs. Validity of the approach can be established by confirming that behavioural and neural patterns observable in the literature (e.g., differences in timing between congruent and incongruent trials; the waveform and scalp topography of ERP components) are seen in the data recorded unsupervised in the home, and that age-related changes in these variables reflect the published consensus. Ninety five percentage confidence intervals are reported throughout using the upper and lower bounds.


Behavioural Analysis

Measures of accuracy and speed of response were extracted from the cognitive games played using the platform (2-stimulus oddball, flanker, n-back and delayed match-to-sample) to establish face validity against that which the literature leads us to expect. For this analysis, we averaged different behavioural measures across game-plays. To investigate reaction times, we chose the median reaction time per game-play, taking the median-average per participant to calculate age group mean comparisons and sample means. To compare rates of accuracy, we calculated percentage accuracy per game-play. We produced a mean accuracy rate per participant for age group and sample mean comparisons. Additionally, we calculated confidence intervals as an indication of variance. To visualise age group differences across game plays, the log-transformed game-play number was used as an explanatory variable of the different behavioural metrics per group in a linear model and a 95% confidence interval was calculated using 1,000 bootstrapping resamples.



EEG Analysis

The processing pipeline consists of filtering from 0.25 to 40 Hz, customised artefact removal, epoch extraction and baseline removal. Metric-based methods for removing invalid ERPs and PSDs were applied to outputs. Two event-related potential (ERP) components, the P300 (a positive-going waveform which peaks >300 ms after the presentation of an attended stimulus, associated with decision-making) and the Error-Related Negativity (a negative-going, response-locked waveform associated with error-awareness) were computed as the smoothed pointwise median of epochs within each session. Power spectral density (PSD) was computed using a 1,024 point Fast Fourier Transform (FFT) with Welch's method of averaging (using a 256 sample window) on the resting-state eyes-open and eyes-closed data. For this analysis, time-series data was converted to average reference to remove lateralised effects of the original single-mastoid reference. Mean and 95% confidence intervals were computed across all sessions from participants within each age group.





RESULTS


Usability

Of the 89 healthy adult participants that enrolled in the study (67 female, mean age = 58.78, mean MoCA score = 27.12), 11 participants withdrew and 78 (61 female) completed the study (mean age = 58.99 mean MoCA score = 27.06), yielding an attrition rate of 12.40%. Data from those who withdrew was excluded from the following analyses reported.

Reasons for withdrawal cited were work/caring/other commitments (n = 3) and/or illness/health-related issues (n = 6). Two participants cited both health and caring commitments. One participant mentioned a faulty headset as an additional factor in the decision to withdraw; this participant's headset had required repair. Four participants did not give any reason. The mean number of sessions contributed by participants who withdrew was 16.82 [8.41–25.23], ranging from 1 (completed in-lab) to 45 sessions. The mean duration of at-home involvement by those who withdrew was 5.55 weeks [3.22–7.88].

Figure 4 shows the rate of weekly adherence for those who completed the study (n = 78), including a breakdown of weekly adherence by age group [40–54 years (n = 26), 55–66 years (n = 35) and 67–79 years (n = 17)]. For those who completed, mean number of sessions contributed per week was 4.10 [3.97–4.23], out of a target of 5 per week and the mean total number of sessions contributed per participant was 49.14 [46.54–51.74]. By age group, mean number of sessions per week was 3.56 [3.33–3.78] for those aged 40–54, 4.31 [4.12–4.50] for those aged 55–66 and 4.48 [4.22–4.74] for those aged 67–79 years.


[image: Figure 4]
FIGURE 4. Weekly adherence. Mean number of sessions per week across all participants and by age group. Error bars show upper and lower 95% confidence intervals.


Participants were asked to evaluate usability via the System Usability Scale (SUS) at 3 timepoints. Mean SUS scores were 76.59 [72.94–80.24] at baseline, 81.45 [78.33–84.57] at 6 weeks and 78.28 [74.74–81.81] at 12 weeks (see Table 1). It is worth noting that the mean SUS score at baseline from those who subsequently withdrew was 75.23 [64.42–86.04] and of those who were still enrolled at 6 weeks, mean SUS score was 74.64 [62.62–86.67].


Table 1. System usability scale scores by age group at baseline, 6 and 12 weeks.

[image: Table 1]

Ability to use the system to record usable EEG in the at-home setting, reported in Figure 5, was considered by measuring the percentage of time that individual sensors were connected to the scalp (i.e., recording non-saturated data) for the different age groups. Three thousand six hundred three sessions were successfully uploaded to the cloud server. Of these, 95.81% (3,452 sessions) contained portions of EEG data that could be used for analysis, even though certain sections of that session, or certain sensors, may be very noisy. One hundred and fifty-one sessions were rejected in their entirety, due to saturated data sections, high variance sections or gaps. By comparison, the behavioural data, where 99.03% (3,568 sessions) contained a complete set of response measures for at least one of the two games assigned per session. There were 116 sessions for which behavioural data, but not EEG data, was suitable for analysis.


[image: Figure 5]
FIGURE 5. Percentage of time each of 16 channels recorded non-saturated data, shown across age groups.




Behaviour

To establish face validity of the gamified behavioural tasks, key metrics from each game were extracted to evaluate against what would be expected from traditional lab paradigms described in the literature. The temporal development of several illustrative metrics, stratified by age-group, is displayed in Figure 6.


[image: Figure 6]
FIGURE 6. Behavioural responses to gamified cognitive tasks over 12 weeks across age group. Shading indicates 95% confidence interval. (A) median correct RTs to targets in 2-stimulus oddball task; (B) median correct RTs to congruent trials in flanker task; (C) percentage accuracy, all trials, n-back task; (D) percentage accuracy, all trials, delayed match-to-sample task.



Two-Stimulus Oddball Game

Similar to lab versions of simple decision-making task which do not challenge the accuracy of responses, the gamified version demonstrated high accuracy, mean 97.71 [97.08–98.35]%. Age group means were 98.7 [98.32–99.08]% for 40–54 years, 98.05 [97.16–98.95]% for 55–66 years, and 95.5 [93.62–97.39]% for 67–79 years. As the game rewards speed of response (in its scoring procedure), and due to learning/strategizing effects, we expected reaction time (RT) to improve with repeated gameplays. Figure 6A shows the temporal trend of speed of response over consecutive sessions, and clear separation of the three age bands is visible. Reaction time per group, averaged over all sessions, was 366.76 [352.68–380.84] milliseconds (ms) for 40–54 years, 414.85 [393.17–436.54] ms for 55–66 years and 449.58 [423.45–475.70] ms for 67–79 years.



Flanker Game

This task is time-restricted, and encourages the player to make a trade-off between speed and accuracy of response (as erroneous response trials are those that yield the key EEG metric). Incongruent trials require inhibition and possible motor-replanning relative to congruent trials, and this is seen in an inhibition cost of 62.16 [56.62–67.7] ms. The inhibition cost per age group was 55.87 [48.28–63.45] ms for 40–54 years, 64.67 [56.0–73.34] ms for 55–66 years and 66.89 [52.99–80.8] ms for 67–79 years.

Incongruent trials induced many more errors [8.45 (7.06–9.84)] than congruent trials [2.02 (1.66–2.68)]. Looking at the temporal development of the congruent condition reaction times alone (Figure 6B), a pattern of learning from session to session, and separation of age bands, is visible.



N-Back Game

This game requires cycling of information in and out of short-term memory. RTs were slower for non-match [1,075.83 (990.77–1,160.9) ms] than match trials [919.56 (857.76–981.36) ms], however accuracy rates were higher for non-match [87.71 (86.41–89.01)%] vs. match trials [74.76 (71.91–77.60)%]. Accuracy rate was 76.49 [72.96–80.02]% for 40–54 years, 75.56 [70.57–80.55]% for 55–66 years and 70.46 [64.6–76.32]% for 67–79 years on match trials and 87.51 [85.73–89.29]% for 40–54 years, 89.29 [87.41–91.16]% for 55–66 years and 84.77 [81.47–88.08]% for 67–79 years on non-match trials. Figure 6C shows accuracy rates on all trials, by age group, across repeated game-plays.



Delayed Match-to-Sample Game

This is not a speed challenge task, however, RTs to match trials were faster than non-match trials 886.99 [847.27–926.71] ms vs. 1,060.31 [1,013.4–1,107.22] ms, a pattern reflected in RTs by age group: 796.27 [754.02–838.52] ms, 890.05 [840.75–939.35] ms and 1,027.89 [914.95–1,140.83] ms for match trials compared to 944.11 [898.82–989.41] ms, 1,079.58 [1,007.6–1,151.56] ms and 1,208.17 [1,102.96–1,313.39] ms for non-match trials, for 40–54, 55–66, and 67–79 years. Memory performance is known to decrease with age, and divergence can be seen in Figure 6D for the oldest age-band, though again not between the younger and middle bands. Separate examination of the accuracy for match and non-match trials showed that this difference in performance was primarily driven by the non-match trials. Over the sample, accuracy was 93.16 [92.04–94.28] for match vs. 81.82 [79.35–84.30] for non-match trials, while accuracy rates across the age groups showed more difference for non-match compared to match trials: 85.67 [82.61–88.72], 80.98 [76.72–85.24], and 77.38 [72.51–82.24], compared to 93.85 [92.41–95.28], 93.12[91.24–94.99], and 92.12 [89.44–94.81] for non-match and match trials, respectively, for the age groups 40–54, 55–66, and 67–79 years. These results suggest that the non-match trials acted as effective lures.




EEG

For the resting-state task, power spectral density (PSD) was plotted at occipital sites to explore the effectiveness of the platform to measure change in alpha power between the eyes-open and eyes-closed conditions of resting-state task, across the three different age bands (Figure 7). Data from all 78 participants was included in the analysis. The number of sessions per comparison at electrode site O1 for eyes-open/eyes-closed were 904 for 40–54 years, 1,511 for 55–66 years, and 791 for 67–79 years. For electrode site O2, number of sessions were 903 (40–54 years), 1,513 (55–66 years) and 792 (67–79 years). The eyes-open data clearly shows the expected 1/f pattern of signal power falling with increasing frequency, and an alpha band peak around 10 Hz. As expected, the alpha peak amplitude is increased in the eyes-closed condition, as well as in the lower beta band (15–20 Hz). Figure 7A displays the effect of age group on absolute band power. There is a clear monotonic decrease in power with age in the difference condition with the largest eyes-open/eyes-closed difference for those aged 40–54 and the smallest difference for those aged 67–79 in the alpha and lower beta range. Furthermore, it can be seen that the average peak alpha frequency is highest for younger participants, and lowest for older participants. No consistent pattern is apparent in alpha power for the eyes-open and eyes-closed conditions alone, although there are clear distinctions between groups in the gamma range (30–35 Hz). This may indicate a difference in noise floor between the age groups. We applied a suitable normalisation by taking the relative power on this analysis (80). Relative power is shown in Figure 7B, again demonstrating a stratified pattern of age group on alpha power and peak frequency, most evident in the graph of the eyes-closed condition. It is noticeable that there is more fluctuation in the higher frequencies for the oldest age group (67–79 year olds).
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FIGURE 7. Resting state task. (A) power spectral density (PSD) in decibels (dB) at O1 and O2 by age group in eyes-open and eyes-closed conditions, and the difference condition; (B) relative power at O1 and O2 by age group in eyes-open and eyes-closed conditions with logarithmic scaling for display only.


Evoked and event-related potentials elicited in the gamified 2-stimulus oddball and flanker tasks were also extracted at a single-session, single-participant and grand average level (shown in Figures 8, 9). Figure 8C illustrates the grand average ERP for target trials on the 2-stimulus oddball, at the centro-parietal location CPz, where the P300 is centred. This is a robust average over multiple sessions contributed by 77 participants, time-locked to the presentation of the stimulus (data from one participant, n = 26 sessions, did not meet quality thresholds for inclusion at this channel). Interpolated topographies (Figure 8D) across all 16 channels at ERP peaks are shown at 0, 200 and 420 ms post-stimulus onset. The principal waveform features of a P300 ERP are visible in the early sensory processing components (~0–250 ms with an occipital focus) and the P300 component (~300–500 ms, with a centro-parietal focus). A strong readiness potential can also be seen before stimulus presentation (−500–0 ms). The other two panels show the median stimulus-locked epoch from 29 correctly identified target trials from a single game-play session (Figure 8A), and the median-average across 18 out of a total of 21 game-play sessions (3 did not meet quality thresholds), contributed by a participant aged 44 years (Figure 8B). Figure 8E demonstrates examples of successful session-level ERPs evoked during a single game-play session, representing 6 users across the different age groups in the study (2 participants from each age group). Unsuccessful sessions yield waveforms that show a discernible ERP overlaid with noise, flat-line signals (e.g., due to an unconnected sensor), or noise of various heterogenous types.


[image: Figure 8]
FIGURE 8. P300. (A) single-session median; (B) single-participant mean; (C) grand mean; (D) grand mean topographies selected at ERP peak timepoints; (E) examples of single-session median ERPs successfully recorded from game plays from 6 different participants (2 participants per age group).



[image: Figure 9]
FIGURE 9. ERN. (A) single-session median; (B) single-participant mean; (C) grand mean; (D) grand mean topographies selected at ERP peak timepoints.


Figure 9C illustrates the grand average difference ERP for error trials on the flanker task, at the central Cz location, where the ERN is observed (total 1,004 sessions). This is a robust average over multiple sessions contributed by 76 participants, time-locked to touch-response (single-channel data was excluded from 2 participants, who contributed 6 and 8 sessions). Grand average topography (Figure 9D) across all 16 channels at ERP peaks are shown at 30 and 260 ms post-stimulus onset. The event-related negativity (ERN) waveform is clearly represented (peaking at ~50 ms), with a central focus, as is the error positivity (Pe) with a centro-parietal focus (peak ~250 ms). Figure 9A shows the corresponding median response-locked epoch across 12 error trials following a single game-play session, contributed by a participant aged 52 years. Figure 9B displays that participant's median-average across 14 out of 16 game-play sessions.

The P300 and ERN components were also compared by age group. Figure 10A shows grand-averaged epochs per age group on single channel CPz for the stimulus-locked ERP from the visual oddball, and Figure 10B shows these at Cz for the response-locked ERP of the flanker task. The number of participants and sessions per comparison at electrode site CPz were 26 and 397 for 40–54 years; 34 and 515 for 55–66 years; 17 and 240 for 67–79 years. For electrode site Cz, number of participants and sessions were 23 and 339 (40–54 years); 35 and 473 (55–66 years); 17 and 182 (67–79 years). The impact of signal variability from individual sessions (both noise, and genuine inter-individual differences) is quantified in the 95% confidence intervals illustrated.


[image: Figure 10]
FIGURE 10. Showing age-related differences in event-related components recorded using the platform. (A) P300; (B) ERN.


The P300 shows early differences in latency in sensory processing, and separation in amplitude among the groups, where disruption increases with age. In the Flanker task ERP, the early ERN component is attenuated in both older groups, relative to the youngest group, and the later Pe component is reduced for the oldest group.




DISCUSSION


Usability

This proof-of-concept paper reports findings from the first time that this novel EEG platform was deployed in-field. After a single training session, participants, including older adults up to the age of 79 years, were able to use the technology at home to successfully perform EEG and behavioural recordings without the supervision of trained technicians. This study yielded 3,603 uploaded sessions, >95% of which contained usable data (i.e., EEG and behavioural metrics could be extracted from the submitted data), providing encouraging evidence supporting the feasibility of this technological approach to cognitive neuroscience research.

Users were asked to trial and evaluate this new system for monitoring brain health at home and to contribute five 30-min recording sessions per week, which was a considerable effort given that no extrinsic incentives or disincentives were applied to promote adherence to this schedule. Adherence to this schedule was remarkably high, relative to other reports of in-home monitoring devices in older populations over similar time courses [~55% (81, 82)]. For the current study, attrition was low (12.4%) and the average contribution was >4 sessions per week (>80% adherence to schedule). Older adults had the highest rates of adherence, indicating that age was no impediment to using the system regularly. A high level of adherence was maintained throughout the 3-month period without substantial decline in the latter weeks of participation, testament to both the power of gamification and usability of the system motivating and facilitating repeated play, and the level of commitment from the study participants. Maintaining adherence in unsupervised environments is challenging and may be particularly so for psychiatric populations (83), however widespread evidence from other diseases, where there has been a broad uptake in new technologies, indicates that patient-centric digital monitoring provides more objective, frequent tracking with clear healthcare benefits (84–86) and have been shown to lead to better compliance relative to paper based assessments (86, 87).

Reported usability was somewhat lower for the oldest age-band, although it is worth noting that their lowest average score still falls within the range between “ok” and “good” (88). Contrary to our expectations, this did not result in reduced adherence, suggesting that many challenges of manual dexterity or familiarity with digital technologies had been successfully mitigated during the initial user-focused design process. However, signal reliability measures indicated that the oldest age band experienced the greatest difficulty in obtaining good sensor connectivity, particularly around the midline sensors (Cz) located at the top of the head. Younger participants achieved slightly better connectivity at Cz but also better connectivity on adjacent sensors. Head shape is variable at the crown, meaning that generic headset sizing options are not always optimal. That location may also require additional manual dexterity and adjustment, which is more difficult for older populations. In the light of these findings from the first deployment of this technology in-field, subsequent incremental improvements to the headset, app and enrolment training procedures have been deployed which have resulted in superior sensor connectivity and data quality (89, 90).

In addition to investigating the overall usability of the platform, empirical data collected in this study was used to assess the potential of collecting scientifically valid neurocognitive data from remote, fully autonomous participants.



Behaviour

All gamified cognitive tasks exhibited some degree of a learning effect. Reaction times generally decreased rapidly over the first five sessions of a given task (see Figure 6). This likely reflects the development of task-specific perceptual-motor skill, rather than a change in the underlying cognitive function probed by the task (i.e., “brain training”). Time spent developing task strategies, and learning the layout of the task environment, is likely to have enabled more effective allocation of visual attention and therefore faster responding (91). Age-related effects on speed of response were generally preserved throughout this learning phase and into asymptote, with the oldest participants consistently making their responses more slowly than other age groups, consistent with the literature. Regarding accuracy over time, participants on average improved very slowly and consistently on the n-back task throughout the study, as expected since n-back variants are typically included with brain training suites due to their inherent learnability (92). Participants, regardless of age band, demonstrated less of a learning effect in the visual delayed match-to-sample task, potentially reflecting the simplicity of this basic old/new matching task for healthy adults however again, the oldest participants scored lowest on this task throughout the study, consistent with age-related decline in memory performance. These learning curves themselves (Figure 6), enabled through the ability to collect multiple assessments over time, may be a rich source of data and potentially informative measures of underlying cognitive function (93), with recent research showing that rate of learning, in the context of a cognitive task conducted over multiple days, can differentiate groups by age (94) and neuropathology (95).



EEG

EEG signals described in this paper (resting-state spectral activity and the P300 and ERN ERPs) demonstrate morphology consistent with those elicited by non-gamified, laboratory paradigms described in the literature. Furthermore, grand average visualisations of P300 and ERN ERPs across age bands replicate classic electrophysiological patterns of age-related change.

The study design included repeated use to permit aggregation of EEG data collected in the home, as a means of improving reliability and signal to noise ratio. The focus in this paper is on group level grand-average analyses, common in cognitive neuroscience literature. Although, as can be seen in the data presented in this paper, it is feasible to obtain cognitive ERP components from users (across different age groups) based on single, home-based sessions. As might be expected, not all sessions were available for analysis with factors such as saturated signal or high variance rendering the data unusable. However, over 95% of sessions contained EEG from which at least a portion of the data was usable, even though certain sections of that session, or certain sensors, may have been noisy. In order to support participants to achieve good signal quality, the system included a sensor signal check step at the beginning of every session to give feedback on impedance levels to encourage self-adjustment for a good connection.

EEG devices that offer miniaturisation of the EEG amplifier, use of Bluetooth technology to transmit EEG data, precise stimulus event-marking, and a choice of wet or dry sensor set-ups, have been extensively evaluated in the literature [e.g., (54, 96–99)]. These demonstrate reduced set-up times and greater portability while generally maintaining good signal-to-noise ratio [e.g., (52, 53, 100, 101); but see Duvinage et al. (102), Maskeliunas et al. (103)]. However, the authors are not aware of reports of any other mobile EEG system for which repeated ERP data collection has been demonstrated in participants' home environment without a researcher present, as was the case in this study.

The P300 elicited from the 2-stimulus oddball task exhibited reduced amplitude and latency for the older age groups, consistent with previous studies (62–64). Whilst the underlying mechanisms are yet not fully elucidated, recent evidence points toward the P300 reflecting the accumulation of information leading to a decision (60), the ability to do this effectively being impaired by ageing and cognitive decline (104). ERP components evoked from the Flanker task also demonstrated sensitivity to ageing with a smaller ERN for the older age groups and a weak Pe for the oldest age band, reproducing known effects in the literature, reflecting a general weakening of the processes underpinning cognitive control in ageing populations (67, 105). Resting state EEG PSD demonstrated alpha band increase in the eyes closed condition relative to eyes open as expected. In the absolute power analyses differences in noise levels were observed. Grummet et al. (106) discusses variability in noise floor in dry EEG, which in this case may potentially be driven by factors such as systematic variation in the use of the headset, and age-related changes in skin condition (107). However, having controlled for differences in noise floor levels, we observed alpha band power and peak frequency stratification across that age groups that align with the effects of ageing on brain activity during resting state typically reported in the literature (74, 108, 109).




CONCLUSION

In this paper we have described the first large scale field trial of a new suite of tools to collect clinically relevant domain-specific markers of brain function and cognitive performance unsupervised in the home. Human-factors feasibility was demonstrated by high reported usability, low levels of withdrawal, and adherence of >80% over a 5-day-per-week, 3-month long, uncompensated participation. Newly gamified versions of established tasks were trialled and were successful in replicating key aspects of behaviour from their lab-based counterparts. Widespread learning effects were observed, as would be expected on repeated plays, but age-related differences were preserved over many weeks of repeated play. Grand average EEG data from the resting state, visual oddball and flanker tasks all illustrated core features of frequency content, waveform morphology and timing, and scalp topographies to confirm that they faithfully replicate the lab-based tasks on which they were modelled.

Challenges of data quality were encountered. On an average session, 14 or 15 sensors (of 16) provided EEG signals that could be analysed, the remainder lost due to issues with contact reliability with particular scalp locations and age cohorts. Certain sessions were evaluated as too noisy for inclusion in grand average analyses and early behavioural sessions proved more variable than later ones. Since this study was completed, incremental improvements to the headset, tablet-based app and participant familiarisation procedures have been made that have increased signal quality (89, 90).

While the focus of this paper is on ageing, and cognitive functions of relevance to Alzheimer's disease and other pathologies underlying dementia, this suite of tools can also include additional tasks (e.g., emotional face processing, passive auditory oddball) suitable for use in mood disorders, psychosis (110), and measurement of treatment response in psychiatry (89, 111).

Advances in wearable electronics, dry sensors and user-facing interactive technologies enable EEG as an easy-to-use affordable biomarker of cognition, grounded directly in brain function. Decades of scientific literature support EEG as an emerging translational biomarker for disease cases in neuropsychiatric (schizophrenia, depression) (20, 112, 113) and neurodegenerative (e.g., Alzheimer's) disease (114–116). Sampling a broad suite of cognitive functions (including memory, attention, and executive function) offers coverage of multiple cognitive domains, which has greater predictive accuracy for disease progression (117, 118). Cloud computing can securely collect data from distributed locations, automatically evaluate quality, and use machine learning techniques to derive composite markers based on neural activity and behavioural performance from single and multiple cognitive domains (119). These innovations in technology, supported by scientific literature, make it possible to use large-scale longitudinal sampling of real-world data, to support potential future use-cases in early detection, personalised medicine, progression tracking, and measurement of treatment response for neuropsychiatric disorders.
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Each year, more than 800,000 persons die by suicide, making it a leading cause of death worldwide. Recent innovations in information and communication technology may offer new opportunities in suicide prevention in individuals, hereby potentially reducing this number. In our project, we design digital indices based on both self-reports and passive mobile sensing and test their ability to predict suicidal ideation, a major predictor for suicide, and psychiatric hospital readmission in high-risk individuals: psychiatric patients after discharge who were admitted in the context of suicidal ideation or a suicidal attempt, or expressed suicidal ideations during their intake. Specifically, two smartphone applications -one for self-reports (SIMON-SELF) and one for passive mobile sensing (SIMON-SENSE)- are installed on participants' smartphones. SIMON-SELF uses a text-based chatbot, called Simon, to guide participants along the study protocol and to ask participants questions about suicidal ideation and relevant other psychological variables five times a day. These self-report data are collected for four consecutive weeks after study participants are discharged from the hospital. SIMON-SENSE collects behavioral variables -such as physical activity, location, and social connectedness- parallel to the first application. We aim to include 100 patients over 12 months to test whether (1) implementation of the digital protocol in such a high-risk population is feasible, and (2) if suicidal ideation and psychiatric hospital readmission can be predicted using a combination of psychological indices and passive sensor information. To this end, a predictive algorithm for suicidal ideation and psychiatric hospital readmission using various learning algorithms (e.g., random forest and support vector machines) and multilevel models will be constructed. Data collected on the basis of psychological theory and digital phenotyping may, in the future and based on our results, help reach vulnerable individuals early and provide links to just-in-time and cost-effective interventions or establish prompt mental health service contact. The current effort may thus lead to saving lives and significantly reduce economic impact by decreasing inpatient treatment and days lost to inability.

Keywords: suicidal ideation, digital monitoring, inpatient, ecological momentary assessment, passive mobile sensing


INTRODUCTION

Digitalization has captured much of human society and is omnipresent in individuals' everyday lives. People carry their smartphone with them most of the time, even in times of crisis (1). This innovation provides new opportunities to help reach vulnerable individuals in critical moments [e.g., (2, 3)]. One group that could particularly benefit from this are individuals at risk for suicide. Suicide is one of the leading causes of deaths, and the numbers continue to rise. As a consequence, a better understanding, prediction, and prevention has been made one of the top priorities on international research agendas including the World Health Organization (4).

One of the greatest challenges to understand, predict, and prevent suicide has long been that it has to be intervened upon as it occurs and evolves in real life. Recent studies show that suicidal thoughts vary considerably throughout daily life, and can escalate quickly [for overviews, see (5, 6)]. Mobile technology can help address this challenge. For example, smartphones can be leveraged to perform real time collection of relevant self-report data and behavior, which can lead to just-in-time interventions (7). For instance, iHealth or intelligent Health has been proposed, in which the incorporation of new technologies into clinical practice helps shifting mental health care from a reactive to a proactive, participatory, and personalized domain, by for instance enhancing real-time self-monitoring and supporting medical decision making (8). With regards to suicide specifically, there has been a rapid increase in the use of mobile technology to help prevent suicide, but a major problem is that existing suicide prevention smartphone applications are not evidence-based or clinically validated (9, 10).

Before just-in-time interventions are possible, proximal risk factors of suicidal behavior have to be identified. Proximal risk factors are factors that predict the short-term occurrence of suicidal behaviors (11). Recently, there has been an increase in research that investigated proximal risk factors of suicidal ideation in daily life, of which most are based on Joiner's interpersonal theory of suicide (12–18). A key concept of Joiner's interpersonal theory of suicide, and a development beyond earlier suicide theories, is its ideation-to action framework, which explains why many individuals that think about suicide do not actually commit an attempt.

Joiner's interpersonal theory of suicide is one of the most rigourously researched and empirically supported theories of suicide (19, 20). The theory assumes a range of proximal suicide risk factors, and provides testable predictions of who will most likely develop suicidal ideations and who will most likely attempt suicide. It thus holds much promise to further our understanding of how certain suicide risk factors interact, and provides concrete targets for prevention and intervention efforts. In essence, it proposes that an individual will not die by suicide unless he or she has both the desire to die by suicide and the ability to do so. According to the theory, suicidal desire is caused by the simultaneous presence of two causal risk factors: (1) thwarted belongingness and (2) perceived burdensomeness, and hopelessness about these states (21, 22). Thwarted belongingness describes the experience of alienation from friends, family, or other subjectively important social circles. These comprise loneliness (i.e., feeling disconnected from others) and the absence of reciprocal care (i.e., having no one to turn to). Perceived burdensomeness refers to the view that one's existence is a burden on friends, family members, and/or society. It comprises two facets: self-hate (i.e., hating oneself) and feelings of liability (i.e., viewing one's death as more valuable than personal worth to others). Importantly, these cognitive-affective states are seen as dynamic and influenced by inter- and intra- personal factors such as experiencing family conflict, living alone, lacking social support, and readiness to interpret others behavior as rejection (22).

Specifically relevant for clinical practice are new clinical concepts that, building further on the research above, explicitly focus on imminent, acute risk factors, such as the Suicide Crisis Syndrome [SCS; (23)] and Acute Suicidal Affective Disturbance [ASAD; (24)]. For instance, ASAD is theorized to be characterized by: (1) a geometric increase in suicidal intent over the course of hours or days; (2) one or both of the following: marked social alienation (i.e., perceptions of being a liability on others) and/or marked self-alienation (i.e., perceptions of one's self being a burden); and (3) perceptions that these are hopelessly intractable; and (4) two or more manifestations of overarousal (i.e., insomnia).

Advances in real-time monitoring technology, also called ecological momentary assessment (EMA) or experience sampling (25), in which people's current behaviors and experiences are repeatedly sampled in real time in their natural environments (26), have thus recently made it possible to investigate such proximal and imminent factors as they occur and arise in daily life. Also here, the need and potential for individualized medicine is advocated, in which smartphone-based ecological momentary assessment and passive collection of information from sensors can provide a digital phenotype to develop tailored therapeutic and preventive approaches for suicide (10, 27). The big advantage of including the use of passive mobile sensing, is that it leverages the data people generate every day through their normal phone use without placing any additional burden to them. Emerging studies in this regard indeed suggest the potential utility of passive mobile sensing in predicting mental health [for a review, see (28)], mental health crises [e.g., see the EARS-project; (29)], and suicide risk (30).

Although existing research has now shown the potential short-term predictive value of some of these factors for suicidal ideation, the available evidence is inconclusive and cannot provide clear recommendations for clinical routine care yet (5). For instance, in past studies increases in hopelessness and loneliness went together with momentary suicidal ideation but were limited in predicting short-term change in suicidal ideation (16). To move the field forward, there has been a call for (1) larger, longer studies, (2) studies conducted during critical high-risk periods, and (3) the use of passive mobile sensing information (e.g., via smartphones or wearables that can deliver behavioral data without placing additional burden on participants) to improve predictability of suicidal ideation (5). Indeed, in this regard, projects are rapidly arising that exactly tailor to these needs, such as MAPS (Mobile Assessment for the Prediction of Suicide; https://grantome.com/grant/NIH/U01-MH116923-01), the Emma app [Ecological Momentary Mental Assessment; (31)], or the Smartcrisis Study [Smartphone Survey of Suicidal Risk; (32, 33)]. Preliminary results from this research indeed suggests the feasibility (33, 34) and potential utility of combining EMA with passive mobile sensing in predicting and intervening in suicidal crises (34).

In our study, we aim to build further on this rapidly increasing research by designing and implementing a digital mental health protocol based on psychological theory – the interpersonal theory of suicide – and passive mobile sensing information. We focus on a high-risk population: psychiatric patients after discharge from an inpatient stay who were admitted in the context of suicidal ideation or a suicidal attempt, or expressed suicidal ideations at their intake interview after admission. Especially the month after discharge is a critical period associated with high rates of suicidality and mood deterioration and readmission (35). The objective of this study is to test in a sample of 100 participants whether (1) implementation of a digital mental health protocol or smartphone applications, based on self-reports and behavioral measures, is feasible and accepted and whether (2) suicidal ideation and psychiatric hospital readmission can be predicted from variables derived from these applications.



METHODS AND ANALYSES


Selection of Participants

One-hundred participants will be recruited from the Psychiatric University Hospital, Zurich, Switzerland. This number was determined based on a power analysis for multilevel data of a longitudinal study design (36). We considered a three-level nested structure of the longitudinal data with repeated EMAs (Level 1), collected across subjects (Level 2), and nested within different days (Level 3) and the simplest model, an unconditional three-level model (37) with
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where Y is the suicidal ideation at hour t for participant i at day j as modeled by a linear combination of a grand mean suicidality score (γ000) averaged across all repeated measures for all participants during all days. In addition, we added three random effect estimates at Level 3 (u00j), Level 2 (roij), and Level 1 (ϵtij).

Consequently, we computed the intra class correlation (ICC), the design effect, and finally the power. First, the ICC is defined as the proportion of outcome variation on Level 2 and the expected correlation on Level 1t, and calculated with
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where τ000 is the random intercept and σ2 the unexplained variability in outcomes. We chose an approximation using the ICC of a previous, similar study (18) with ICC = 0.52. Next, we computed the design effect, a parameter that quantifies the violation of independence on the estimates of the standard error (38), with
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where m is the number of assessments per subject (m = 5 × 28). This results in a design effect of 73.8 which indicates the need for multilevel modeling (38). Finally, the power can be calculated with
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where n is the number of participants, m the number of assessments per participant, adjusted for the ICC. This can be rewritten as

[image: image]

Assuming no missing data with Power = 80%, m = 140, and ICC = 0.52, we would need 42 subjects. Yet, missing data especially when dealing with EMA should be taken into account. Thus, we calculated the sample size for different percentages of missing data points (50, 60, 70, and 80%). Results do not suggest a sample size larger than n = 42. Last, due to the imputed ICC, we also computed the sample size with different values for the ICC (Figure 1). Based on this, a sample size of 80 would be sufficient even in the case of an ICC of 1. Considering also the likely dropout rate, we aim at recruiting 100 participants which will allow us to detect the true effect with 80% probability at an alpha level of 0.05.


[image: Figure 1]
FIGURE 1. Relationship between the intra class correlation coefficient and the sample size. With increasing correlation a larger sample size is needed to still detect the true effect with a probability of 80% at an alpha level of 0.05.


Besides multilevel modeling, we aim to apply machine leaning models to predict suicidality. The goal of the ML models will be to model the relationships between predictors and outcome (suicidal ideation, suicide attempts during follow up, hospital readmission), which requires equivalent power to detect any given univariate relationship between a dependent and independent variable. Model fit is estimated by permitting high dimensionality while penalizing model fit for increased complexity through the use of a loss function. While power is less of a concern in ML models, reproducibility and over-fitting is a significant risk, requiring strategies such as cross-validation to guard against this risk. Given the relatively small set of theory driven features included in the model, we anticipate n = 100 will allow for model estimation (n = 60) and hold-out cross-validation (n = 40) will be sufficient to train and test an ML model using the proposed predictors to forecast primary outcomes [see also (39, 40)].

Patients are included if they meet the following criteria: (a) admission to the hospital after a suicide attempt or in the context of suicidal ideation, and/or suicidal ideation were identified in the first diagnostic intake interview, (b) sufficient knowledge of the German language, (c) having a smartphone, (d) discharge in accord with a clinician, with established outpatient care contact to the physician or psychologist. Patients are excluded if they meet the following criteria: (a) having plans to leave the greater Zurich area within the study period, (b) sharing a smartphone with another person, (c) being active military personnel (as passive sensing and EMA assessments would be challenging in active duty). There are no age restrictions. Researchers will keep track of all incoming patients in the hospital and contact the treating psychologist or physician in case of eligibility. When a patient meets the inclusion criteria and the treating psychologist or physician approves, the patient will be approached by the researcher and informed about the study.

Based on the Psychiatric University Hospital's report from 2019, patients have an average inpatient stay of 24.6 days. The average patient is 40.2 years old, with females (47.2%) and males (52.8%) almost equally distributed, and admitted mainly because of substance use disorders (27%), schizophrenia spectrum disorders (24%), affective disorders (26%), anxiety disorders (11%), and personality disorders (7.5%).



Procedure and Materials

The study will consist of different parts: a baseline assessment, a 4-week period of ecological momentary assessment in which the smartphone applications run, and a follow-up. Participants will be reimbursed with up to 120 CHF if they answer the smartphone applications' questions in more than 60 % of the time.


Baseline Assessment

The baseline assessment entails (1) detailed information about the study and informed consent, (2) assessment of the current mental disorders with the Mini International Neuropsychiatric Interview [MINI version (14)], (3) a short video-taped semi-structured qualitative interview, (4) electronic questionnaires that evaluate relevant psychological variables, and (5) the installation of the smartphone applications on participants' phones. During the baseline assessment, participants will also get a booklet that contains additional information on the aims of the study, crisis information in case of emergency, and the smartphone applications. The baseline assessment will thus occur within the hospital stay, after patients are able to and have provided informed consent to participate in the study. The exact timing of this assessment is expected to vary, as it depends on patients' acute symptom severity and their capacity to perform an interview, practical constraints and the schedule of the patient.

Table 1 lists the questionnaires and other assessments that will be used at baseline and/or at follow-up. These measures are thus a combination of self- and clinician-reports (MINI), and a video-taped qualitative interview for which participants provide separate consent. During the qualitative video interview, participants answer questions about experiences with different valences (i.e., positive, negative, neutral) and temporal dimensions (i.e., past, present, future). The videos will be used to derive markers for psychopathology using physiology, facial activity, language use, and vocal characteristics.


Table 1. Questionnaires and assessments conducted at baseline and/or follow-up.
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Ecological Momentary Assessment

Two smartphone applications will be installed on participants' smartphones. The first application (SIMON-SELF) is used for collecting self-report data according to a pre-defined ecological momentary assessment protocol. The second application collects smartphone sensor data (SIMON-SENSE). The two applications are made available for Android and iOS and described in more detail in the following paragraphs.


SIMON-SELF

MobileCoach (www.mobile-coach.eu) (53, 54), an open source software platform for delivering ecological momentary assessments and digital health interventions, was used to develop the SIMON-SELF application. The configuration of the ecological momentary assessments, i.e., timing and the self-report items, is defined via a graphical user interface by the co-authors of this paper on the MobileCoach server. The server then sends this content to SIMON-SELF, a mobile application that uses a conversational agent (named Simon in this study) to administer the self-reports to the study participants. A conversational agent is a computer program that imitates a human being, and which has the potential to establish a working alliance with participants (55) and thus, to increase involvement with the application (56, 57). Exemplary screenshots of SIMON-SELF are depicted in Figure 2.


[image: Figure 2]
FIGURE 2. The SIMON-SELF application: welcome screen (left), the chat screen (middle) and the menu (right).


After the application is installed on the participants' smartphone via Google's Play Store or Apple's App Store, conversational agent Simon provides details about the mobile application. This includes a demonstration on how to fill out the self-reports. Then, Simon asks participants to indicate whether they are about to leave the clinic, so that the experience sampling protocol covering the period post-discharge will be promptly initiated for the day following their discharge.

From then on, participants will be asked to answer the experience sampling surveys 5 times per day during a defined period of 12 h, according to a stratified random interval scheme with the time frame being divided into five equal intervals. This means that individualization of the time frame is possible, but only with a fixed range of 12 h (e.g., from 9 AM to 9 PM, from 10 AM to 10 PM, et cetera). Participants will be asked upon installation of the application what timeframe they prefer. Every day, Simon will greet participants in the morning, wish them good night in the evening, and will prompt them to answer the questions. The specific questions that will be asked, can be found in Table 2. One block of questions is only asked in the morning (e.g., about sleep), one block only in the evening (e.g., about mood), and there is one block that shows up with every survey.


Table 2. Self-report items of the ecological momentary assessment administered through SIMON-SELF.
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Compliance to the protocol is promoted through multiple strategies. Every second day, Simon gives participants an update on their compliance, and the feedback depends on more/less than 60% compliance. Simultaneously, participants will be sent automatically generated text messages with the same feedback via SMS, i.e., an additional communication channel compared to in-app chat messages. Finally, Simon tells participants every week that the researchers are very grateful for their participation in the study, and that they are helping to improve future suicide prevention methods. To further increase compliance, researchers will contact participants in case of non-compliance. Finally, participants will receive a personalized summary of their collected self-reports after successful study completion. Specifically, they receive visual feedback, containing a series of charts that summarize their changes in key variables, e.g., sleep, suicidality, other psychological characteristics and feelings, over the time of the study.

In addition, an emergency button is made available in the side menu of SIMON-SELF (see screenshot three, Figure 2). It provides three different helpline numbers, according to urgency and specific need. Participants receive information about these helplines and their services upon installation of the application. There is also a number available on the application that participants can reach in case of technical issues.



SIMON-SENSE

To assess relevant context variables such as physical activity, sleep, and social connectedness, the mobile sensing application SIMON-SENSE records sensor data commonly available via smartphones. We use the open source framework AWARE (67) for this purpose. SIMON-SENSE records and sends the data in a secure way to a server located at the university of the corresponding author (University of Zurich). The specific data sources, data types and collection frequencies are listed in Table 3. The application runs in the background, and thus requires no interaction with study participants. Because this application might drain the battery of participants' phones, Simon reminds participants every evening to charge their smartphone.


Table 3. Data sources, data types and collection frequency of the SIMON-SENSE application.
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Follow-Up

After 4 weeks of ecological momentary assessment, a follow-up assessment takes place at the Psychiatric University Hospital, Zurich. Participants will fill out questionnaires (see Table 1) of which most are validated and have been assessed at baseline already. To gain insight into user experience of the apps, participants will fill in the Research Experience Questionnaire and the App Questionnaire. In addition to these quantitative measures, research assistants will be instructed to encourage participants to give also qualitative feedback on the app usage. Both sources of feedback will be valuable for the further development, particularly of the in-house developed SIMON-SELF app and the design of subsequent studies. Finally, participants receive payment for their participation in the study.




Data Management

The experience sampling and the passive mobile sensing data will be transmitted via a Secure Sockets Layer (SSL) connection to a study server. This server can only be accessed by a password. Data from the baseline and follow-up questionnaires will also be saved on this study server. The study server is provided by the University of Zurich, Switzerland. To match different datasources, a unique user number is generated for each participant. The only file containing participant's full personal information and respective unique user number, is kept in a separate document and stored in a locked file cabinet.



Data Analyses

The main research aim of this study is to investigate short-term predictors of suicidal ideation and psyciatric hospital readmission in a high risk-population. To this end, two kinds of analyses are planned.

First, prediction models using various learning algorithms will be developed. The development of such models involves several steps. In a first step, the raw sensor data has to be preprocessed involving feature extraction, scaling, selection, and dimensionality reduction. Smartphone data “features” derived from sensor data and the experience sampling indices as well as data from the baseline questionnaires will then be fed into machine learning models to identify the variables, and combinations thereof, that predict suicidal ideation and psychiatric hospital readmission. In a second step, the data will be split into a training and test data set to assess how the derived algorithms generalize to new data (68). The training dataset will also be split into subsets and k-fold cross-validations will be applied. The performance of the resulting model will then be evaluated using the test data set. This procedure will be repeated for various learning algorithms (e.g., random forest, support vector machines). The learning algorithms will also discard irrelevant information that does not help to improve the predictive value of the model using partitioning for categorical states (is suicidal ideation high/low, were participants readmitted to the hospital). After comparing the performance across algorithms, the best overall model will be selected.

We expect to construct a model that efficiently predicts suicidal ideation and psychiatric hospital readmission using a combination of sensory data and psychological data.

Second, longitudinal multilevel models will be applied to predict suicidal ideation and psychiatric hospital readmission from a combination of predictors based on theory. This will allow to compare between patient differences (between-person level) and to make predictions on an individual level (within-person level) by fitting individual symptom trajectories. Considering the dynamic nature of suicidal ideation, it is cruicial to identify what predicts within-person changes.



Ethics

This study follows ethical and safety guidelines, such as those put forward by Nock and others (69). In accordance with these guidelines, participants will not be excluded on the basis of elevated risk of suicide, participants will be elaborately informed before participation on all suggested elements (e.g., whether responses will trigger intervention actions; providing participants with information about who will have access to their data), and recommended technical and safety procedures are in place (e.g., figuring out what to do when technology fails, and providing participants with standardized informations on items of data-collection). Regarding safety specifically, all participants will receive detailed information about local help lines in case of crisis, and emergency. This information will be presented with the mobile application multiple times throughout the 4-weeks assessment. A standard operation procedure is established in cases of emergencies according to which the researchers are going to act.

We decided not to monitor and pro-actively respond to various levels of risk in real-time with interventions (although suggested by Nock and others), due to several reasons. First, there is currently no agreement on how to determine a participant's current level of risk and criteria for acute level of risk. Further, data cannot be monitored continuously due to several practical reasons (specifically, data are only uploaded when a Wi-Fi connection is available and our study does not provide 24-7 tracking of the data overnight). This study is not an intervention study, but rather a naturalistic study that monitors potentially powerful predictors of suicidal ideation and hospital readmission, as well as suicidal ideation itself. It is stressed to participants that this is not an intervention study, but that the information collected as part of this study will inform and help develop such efforts. Participants can thus only be enrolled in the study if they have a physician and/or psychotherapist attending to them following discharge. Informed consents are obtained after patients received elaborate information about the study procedures and the fact that they can exit the study at any time.

The setup of the study has been discussed with clinicians, psychologists, and patients and piloted to minimize any potential risks or problems. Treating physicians and psychotherapists are involved when patients are approached and enrolled into the study.

The study was reviewed and approved by the Ethics Committee of the Faculty of Arts and Social Sciences of the University of Zurich, Switzerland. All collected data will be anonymised. Results will be published in medical and technical peer-reviewed journals.




DISCUSSION

This study builds further on an emerging line of research by testing in a large sample of high-risk individuals whether (1) a digital mental health protocol with self-reports and behavioral measures can be implemented and whether (2) suicidal ideation and psychiatric hospital readmission can be predicted from variables derived from this protocol. The results from this study will build on and extend the growing body of research on prediction markers of suicidal ideation by mobile health technology [for an overview see (5)]. Identifying reliable prediction markers of suicidal ideation is crucial to help develop just-in-time and cost-effective interventions. For instance, information about these predictors could then be fed back to clinicians and mental health services in real time to provide the support and interventions needed by each individual patient.

A better treatment of suicidal ideation is of vital importance as suicide is a major public health concern. As a consequence, it has been placed high on many national and international research agendas. In addition to being one of the most dramatic intrapersonal consequences of mental health problems, its interpersonal and economic costs are also enormous [e.g., (70)]. Digital technologies provide exciting opportunities to help reduce the number of suicide by accounting for particular challenges associated with its prevention.


Limitations

To optimize continued participation in this population, in which drop-out and low compliance are common problems, and because there is no intervention aspect to the study for participants, we decided to reimburse them. However, this decision may limit the ecological validity of the study in the sense of being comparable with real-world usage of smartphone applications for high-risk suicidal individuals (who are not reimbursed). Further, we decide to conduct a follow-up after four weeks, immediately after the EMA-part of the study, because of multiple reasons. First, we aim to diminish participant drop-out. Second, the first weeks after psychiatric discharge contain a much higher risk for suicide than any period thereafter or other treatment events (71–73). However, this choice has as a disadvantage that given the rarity of suicide, a low incidence of suicidal crises is expected to occur in such a short period. Finally, we determined sample size on power considerations for multilevel data of a longitudinal study design, and acknowledge that this is on the lower side for machine learning models.
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Artificial intelligence (AI) algorithms together with advances in data storage have recently made it possible to better characterize, predict, prevent, and treat a range of psychiatric illnesses. Amid the rapidly growing number of biological devices and the exponential accumulation of data in the mental health sector, the upcoming years are facing a need to homogenize research and development processes in academia as well as in the private sector and to centralize data into federalizing platforms. This has become even more important in light of the current global pandemic. Here, we propose an end-to-end methodology that optimizes and homogenizes digital research processes. Each step of the process is elaborated from project conception to knowledge extraction, with a focus on data analysis. The methodology is based on iterative processes, thus allowing an adaptation to the rate at which digital technologies evolve. The methodology also advocates for interdisciplinary (from mathematics to psychology) and intersectoral (from academia to the industry) collaborations to merge the gap between fundamental and applied research. We also pinpoint the ethical challenges and technical and human biases (from data recorded to the end user) associated with digital mental health. In conclusion, our work provides guidelines for upcoming digital mental health studies, which will accompany the translation of fundamental mental health research to digital technologies.

Keywords: digital mental health, an end-to-end methodology, human factors, cognitive biases, machine learning, knowledge discovery data base (KDD), interdisciplinar intersectoral collaborations, ethics


INTRODUCTION


Digital Health Definition

Digital health can be defined as the concept of healthcare meeting the Internet (1). It ranges from telehealth and telecare systems (2) to patient portals and personal health records (3, 4), mobile applications (5), and other online platforms and devices. However, and as opposed to digitized versions of traditional health approaches, digital health interventions (DHIs) (6) utilize artificial intelligence (AI) algorithms and other machine learning (ML) systems to monitor and predict symptoms of patients in an adaptive feedback loop (7). Improvements in ML over recent years have demonstrated potential within a variety of diseases and medical fields including neurological and mental health disorders (8) both at an individual-patient level and applied to larger populations for scalable understanding, management, and intervention of mental health conditions in different cohorts and various settings (7). In addition, and because to our knowledge, effective coverage does not exceed 50% in any country and is much lower in low- and middle-income countries, DHIs also address social problems in the healthcare system such as poor access, uncoordinated care, and increasingly heavy costs (9). Digital mental health interventions could thus give much needed attention to underresearched and undertreated populations (10).



Digital Mental Health Technology Advances

The keywords “digital mental health” in PubMed's search engine (accessed April 2020) show that 2019 has the largest number of published articles compared to any prior year. The trend is also rising for the keywords “mental health mobile apps,” providing evidence that interest in both (i) publication of articles about digital health and (ii) technical advances is rising. Advances in digital health technologies in mental health are occurring at a rapid pace in research laboratories both in academic institutions and in the industry (11). The rapidly growing number of biological devices and the exponential accumulation of data in the mental health sector aim at facilitating the four purposes of healthcare: diagnosis, monitoring, treatment, and prevention (1).


For Diagnosis

Important digital health interventions for characterization or diagnosis include algorithms for illness detection and classification (11). One digital tool that is further revolutionizing mental healthcare is conversational AI (12). Although the clinician–AI collaborations have yet to be specified and the cognitive biases considered (see Designing digital health systems with human factors approach), a blended approach (in an AI-delivered human-supervised model) (12, 13) is alluring.



For Monitoring

The use of data generated by personal electronic devices to monitor mental health parameters may result in useful biobehavioral markers that could in turn optimize diagnosis, treatment, and prevention and a global clinical improvement (14). This has led to the conception of all sorts of wearable devices and connected objects such as smart watches to collect data in healthy and pathological populations in a scalable unobtrusive way (15, 16), smart textiles to collect and monitor physiological outcome measure such as in athletes (17), or smart homes to monitor biophysiological measures of older people (18). This has also led to the development of various mobile applications (linked or not to a wearable device) that monitor given behaviors or cognitions in specific populations. This is the case of eMoods, a mood tracking app conceived for patients with bipolar disorders to follow their fluctuations. This is also the case of PROMIS, a mobile application to self-report different cognitive, emotional, and mood measures (19).



For Treatment

Beyond diagnosis and monitoring allowed mainly by data interpretation, some digital mental health interventions include assisting and treatment options (1). This is particularly timely as the Food & Drug Administration (FDA) has just approved its first prescription video game in mental health for kids with ADHD: EndeavorRx (20).

While digitized versions of classical clinical approaches propose digital conversational agents such as chatbots that provide coaching and cognitive behavioral therapies in a conceptually similar value than a human healthcare provider (7, 21), AI-based algorithms and data-driven digital health initiatives further aim at implementing more adaptive algorithms and flexible, personalized treatments via AI and ML (8, 21). Such is the case of Open Book, an assistive technology tool for adaptive, personalized text simplification for people with autism spectrum disorder (22). It is also the case of Entourage, a novel digital intervention that improves social connection for people with social anxiety symptoms (23), or Doppel, a device that helps people manage their daily stress by modulating physiological and emotional states through a heartbeat-like rhythm tactile sensation (24). Other digital mental health interventions for treatment purposes include virtual reality-based exposure [in the treatment of anxiety disorders for instance (25)] as well as the use of robotic technology [to improve social interactions in people with dementia for instance (26)].



For Prevention

By opening new modes of real-time assessment [through longitudinal data collection or through the presence of sensors in smartphones for instance, to track sleep, movement, speech… (27, 28)], digital mental health interventions enable catching new episodes of a given disorder at a very early stage. It is especially the case for suicide preventions (29).




The Need to Homogenize R&D Processes

In contrast, there is only scarce clinically significant outcomes of digitalized solutions. Although both advances in fundamental research and technical innovations are occurring rapidly, translation from one to the other has been slower (11). This can be explained by the lack of better-designed clinical trials and the loss of interest at the patient level in digital health products over time, both of which lead to poor long-term data and scarce information on whether new behavior facilitated by a digital health tool is long-lasting (30).

Another major problem at the time is the disparity of research and development processes across fields and sectors. One way of accelerating the potential benefits of digital mental health interventions and optimizing the transformation of fundamental discoveries into innovative digital technologies applied to routine clinical practice would be to propose a methodology that could be used across disciplines and sectors in the field of mental health. This would include homogenizing research and development processes in academia as well as in the private sector; improving technical methods that standardize, aggregate, and exchange data; centralizing data into federalizing platforms focusing on scalability; and establishing data repositories, common data standards, and collaborations (14, 31).



The Global Pandemic Context

In March 2020, the WHO declared the novel coronavirus disease of 2019 also known as COVID-19 as a global pandemic. Today, a year later, the WHO counts 185,038,214 confirmed cases of COVID-19 globally, including 3,250,648 deaths. Amid this rapidly evolving sanitary crisis, digital innovation is being used to respond to the urgent needs of the pandemic. Actions in the field have been involving multiple stakeholders, from frontline healthcare to public health and governmental entities. They have also raised new challenges regarding the link between academia and the industry, the different velocities at which the two sectors evolve, the ethical questions of data collection, and the various geographical and socioeconomic inequalities due to limitations in capacity or resources (32).

Apart from the direct risks of COVID-19 on health and the healthcare system, the uncertainty of the context and the high death rate due to the virus also exacerbate the risk of mental health problems and worsen existing psychiatric symptoms, further impairing the daily functioning and cognition of patients (33).

While these illnesses do not all represent an immediate threat to life, they will have long-lasting serious effects on individuals and large populations. Emerging mental health issues should thus be addressed promptly. In addition, the multiple logistic changes imposed on us by the pandemic pose a unique challenge in mental health service delivery. For example, the restriction in freedom of movement and face-to-face therapies increases psychological distress (32). The limited knowledge on the virus and the overwhelming news that surround it also increase anxiety and fear in the public (33, 34). In addition, long quarantine durations are generating frustration, boredom, stigma, and stress, as well as financial loss that also affects mental health. This is without mentioning highly vulnerable populations such as healthcare providers (32), university students (35), children (36), and naturally anxious individuals (37) who are more prone to developing mental illnesses such as posttraumatic stress disorder or anxiety and mood disorders during this pandemic crisis. This is also without mentioning the already.

In this context and with the advent of AI, a digital methodology that optimizes and homogenizes research processes in an intersectoral and transdisciplinary approach makes more sense than ever, specifically in the field of mental health. Implementing such approaches could help detect and monitor mental health symptoms and their correlation to COVID-19 parameters (whether individuals are affected by the virus or know people affected by it, how political decisions impact mood and anxiety of general populations, etc.). Early detection and close monitoring would in turn allow adequate in-time treatment in the short term and prediction as well as prevention in the longer term.



Introduction to Our Work

Here, we propose an end-to-end methodology that highlights key priorities for optimal translational digital mental health research. Each step of the process is elaborated from brainstorming to product creation, with a focus on data analysis. Based on iterative processes, the methodology aims at being cross-sectorial, at the intersection between academia and the private industry. By formalizing the methodology around a mental health use case, the methodology also aims at being interdisciplinary, encompassing different fields (from computational neuroscience to psychology and well-being) all while stressing on the importance of human factors in the digitalization of health. An important goal of the methodology is thus to allow robust collaborations between experts from different fields and sectors (practicing clinicians, AI researchers in academic institutions, and R&D researchers in private industries) to pinpoint then advance foundational and translational research relevant to digital mental health and to create ultimately digital tools that satisfy various stakeholders (usability, clinical benefit, economic benefit, security, and safety). All in all, our methodology has the short-term ambition to propose guidelines for upcoming digital mental health studies and the ultimate ambition to transform the gap between fundamental and applied research into a federalizing platform.




CONCEPTUALIZATION AND PROJECT LEARNING


Project Idea and Concept


Evaluating the Feasibility of an Idea

All research begins with a question. Not all questions are testable though, and the scientific method only includes questions that can be empirically tested (observable/detectable/measurable) (38). Similarly, not all questions lead to the development of solutions. As a matter of fact, only few research projects directly reach practical solutions. However, in the digital health sector, research tends to have (or at least ought to have) a very pragmatic, concrete, and measurable outcome (39). The selection of ideas is therefore one of the most complex steps of the research process in the digital health sector since, in addition to verifying whether their idea can be transformed into a project, researchers must also evaluate whether the project can lead to practical often technical solutions, and when. As the world of technologies moves fast (11), by the time that an idea leads to a solution, the solution might lose some or all its value. It is thus crucial to assess whether the idea is feasible and realistic early in the process.

As a result of the COVID-19 pandemic context for instance, there has been an increase in the usage of telehealth medicine and alternative digital mental health options such as mobile applications and web-based platforms (40). Although the need is real and measurable, research projects must be cost-effective, and depending on the investment needed, they ought to be useful not only within a short-term period (i.e., to treat current psychiatric illnesses) but also in a longer time frame, to treat for instance the expected rise in symptoms of trauma among the general population (40).

In addition, according to Gartner (1), digital health research follows a hype cycle divided into five stages illustrated in Figure 1:

1. the innovation trigger,

2. a peak of inflated expectations,

3. a trough of disillusionment,

4. a slope of enlightenment, and

5. a plateau of productivity.
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FIGURE 1. The five stages of the hype cycle of digital health research: (2) the innovation trigger, (3) a peak of inflated expectations, (4) a trough of disillusionment, (5) a slope of enlightenment, and (6) a plateau of productivity. Adapted from Gartner (41).


An ideal digital health research project predicts the failures that will occur at the third stage and the plateau that will be reached at the fifth stage in order to prepare for them and increase the chances of overcoming them. For instance, treating traumas through mobile applications might 1 day be the old-fashioned way of approaching such disorders. This is one major challenge as there are no generic methods describing a digital health project from research inception to solution development (1).

Evaluating an initial idea further faces more classical challenges such as finding the good mix between focused enough to be interesting yet broad enough to build on existing knowledge (42). A digital health research project should balance more than any other research project between ambitious but not overambitious as the competitive landscape is both wide and niche. Going back to our COVID-19 example, this would mean developing digital health technologies that are precise enough to treat specifically traumas in a pandemic context, but broad enough to be adaptable when traumas would not be the main mental health issue anymore, in a near enough future.



Defining the Goal and the Approach

What is it that we want to put in light? Defining the goals and objectives of a digital health research project is essential as it keeps the project focused (11). The process of goal definition usually begins by writing down the broad and general goals of the study. As the process continues, the goals become more clearly defined and the research issues are narrowed to an extent that depends on the adopted approach. For instance, the general goal of a mental health mobile application could be to improve mental health conditions; this is the case of the 1,009 psychosocial wellness mobile apps that were found in a study looking to differentiate scientifically evidenced apps from the success stories due to a media buzz (43). A more palpable goal could be to promote behavioral change; this is the case of notOK, a suicide prevention application that alerts the support system of a patient when negative thoughts are too close to an acting out. This is also the case of Twenty-Four Hours A Day, an addiction app that offers 366 meditations (one per day) to help abstinent patients focus on sobriety. The goal ought, however, to be further narrowed as the design of the application might consider eliciting not only more engagement on the mobile app overall, but perhaps effective engagement defined by specific patterns (44). Twenty-Four Hours A Day could, for example, be used effectively during a year at the end of which users could lose interest, potentially resulting in a relapse. Narrowing the number of users could allow a deeper engagement of actual users; more is not always better in digital health (45).

Given the multistakeholder nature of healthcare and their varying incentives, the best approach to impactful and useful digital health research may differ depending on the project. The main challenge is to find the right balance that maximizes clinical impact all while utilizing efficient resources and at a rate that corresponds to the needs of the market in a globally very dynamic and rapidly changing digital health landscape. This brings us back to creating a requirement set broad enough to encapsulate concepts important to all products, but not too inclusive that the requirements are not relevant anymore (39).

This also allows us to emphasize on the importance of staying flexible and ready to change strategies depending on the number and the rate at which new technical solutions are deployed with time. Headspace for instance had started as an events company organizing mindfulness trainings and workshops; as they stayed open to opportunities, they later developed their mobile application that is currently being used in several clinical trials (46). In the case of this app, adopting a ready-to-change pivot strategy allowed them to seize an opportunity and scale drastically.

One way to stay flexible is to inject some agility in the research processes. Agility uses iterations (also called sprints) to create short loops of work (1–4 weeks) that start with planning and end with retrospection, favoring more frequent deliverables (such as quick posters or abstract publications, proof of concepts or minimum viable products) (47). If the concept of agility springs from the software development field, it has been more broadly applied in different fields and sectors recently, such as in mobile health technology (47). A clear step-by-step example applied to our use case, i.e., digital mental health, is the text-based coaching practical guidance provided by Lattie et al. (48).

All in all, it is crucial to define then narrow the goal progressively while balancing between clinical requirements and market realities by staying agile and considering the potential conceptions and misconceptions of all stakeholders.



Clarifying Digital Health Research Conceptions and Misconceptions

Everyone is susceptible to the misconceptions of research, development, and innovation, including researchers and any other individual in academia or in the private industry (see Identifying cognitive biases in digital health to improve health outcomes). The what of research is challenging in itself and even more so in the digital health context that often includes translational application at the end of the process as well as the need to confront the views and requirements of academia and the industry. It is therefore critical to identify these misconceptions early in the research project to reduce them and promote alternative conceptions where necessary. Most common misconceptions include the following (49):

- Good research procedures necessarily yield positive results.

- Research becomes true when published.

- Properly conducted research never yields contradictory findings.

- It is acceptable to modify research data to make them look perfect.

- There is only one way of interpreting results.

Discussing conceptions and misconceptions of research can reduce cognitive biases (see Identifying cognitive biases in digital health to improve health outcomes) and improve research outcomes all while favoring a holistic approach to research (42):

- How would you describe research to your grandmother?

- What is the difference between academic (moving knowledge further, contributing to the development of the discipline, explaining, arguing, conceptualizing, theorizing, developing insights, being rigorous and methodical, situated within a theoretical or conceptual tradition) and industrial research (fact-finding, collecting and reporting, producing and developing)?

- How to combine different views and different approaches and methods of research into an R&D model that serves research and innovation in the digital health sector?

This “awakening” step is of particular importance in DHI as interdisciplinary and intersectoral collaborations increase by the day (see Identifying the team and potential partners or collaborators).



Extending the Literature to a Market Research

Reviewing the literature is an inevitable step of a research project (for further details, see Appendix 1). Nonetheless, it cannot factor in major advances in health technology if relying only on peer-reviewed sources (50). Given both the size (valued at 75 bn in 2017 by Technavio's Global Digital Health Market research report) and the evolution rate (projected to reach 223 bn in 2023 as predicted by Global Market Insights) of the digital health market, it seems crucial to complement the literature review with adequate market research also called gray literature.

Given the complexity that is characteristic of the digital health landscape of technologies, market research cannot be straightforward. For it to be as thorough as possible, it should include project reports, market research foresees, policy documents, and industry white papers (39). For instance, in the oversaturated market of mobile apps advocating for wellness and self-care, one approach would be to conduct a systematic review of publicly available apps on the stores using key words related to the topic (43).

In the context of digital mental health research, the market research would allow researchers not only to compare the potential outcome of their research to the state of current technology (51) but also to predict or at least speculate whether their solution will still have the same value by the time it reaches the market. Such market research could also provide researchers with an overview of the general landscape, i.e., of the unexplored new market areas (blue ocean strategy; 47).



Identifying the Team and Potential Partners or Collaborators

Common benefits to collaboration including brainstorming, division of labor, and speed of execution are challenged by the difficulty of developing a shared vision and defining roles and responsibilities for the different collaborators (52). These challenges are exacerbated in the context of digital health as the field is essentially both interdisciplinary and intersectoral (53), bringing together academic researchers, private industries and their R&D departments, clinicians, patients, and other healthcare consumer groups (54). Indeed, while collaborations in the field are facilitated by complementary roles, authentic communication between partners, and clearly outlined goals or expectations prior to the collaboration, they can also be jeopardized by misaligned expectations, differences in productivity timelines, and balancing business outcomes vs. the generation of scientific evidence (53). It is thus crucial not only to identify the right fit for a collaboration but also to outline and communicate openly about goals, expectations, and timelines. This was done by X2AI, a US-based digital health company that developed in collaboration with experts (including clinical, ethical, technical, and research collaborators) an ethical code for startups, labs, and other entities delivering emotional AI services for mental health support (55). Once the project is developed, it moves to the commitment phase or project planning.




Project Execution


Sampling

The rapid advancement of digital health technologies has produced a research and development approach characterized by rapid iteration, often at the expense of medical design, large cohort testing, and clinical trials (39, 43). According to the WHO's guidance for digital health research (56), digital research measures are too often evaluated in studies with varying samples and lack of or poor validation. Additional challenges with digital health research include a potentially unrepresentative sample (57). Consequently, insufficient sample sizes may make it difficult for these data to be interpreted through ML techniques (58) (see Data postprocessing: visualization and evaluation). Underestimation occurs when a learning algorithm is trained on insufficient data and fails to provide estimates for interesting or important cases, instead approximating mean trends to avoid overfitting (59).

It is, however, necessary to pursue the adequate amount of evaluation and verification to avoid dubious quality and ensure usefulness and adequacy of the solution (60). To do so, it is crucial to improve sampling strategies by including underrepresented groups in the recruitment, collecting and analyzing reasons for declining, analyzing the profiles of recurrent participants (61), and creating ultimately novel smart sampling approaches (62).



Choosing the Appropriate Material and Method

Research projects in the digital health sector can take the form of cohort studies, randomized trials, surveys, or secondary data analysis such as decision analyses, cost-effectiveness analyses, or meta-analyses. To sum things up, there are three basic methods of research:

1. Surveys by e-mail, via a web platform or via a mobile application. They usually involve a lengthy questionnaire that is either more in-depth (usually by email) or more cost-effective (web- and app-based surveys) (63).

2. Observation monitors subjects without directly interacting with them. This can be done either in the environment of the subject with different monitoring devices (ecological environment) or in a lab setting using one-way mirrors, sensors, and cameras to study biophysiological markers or behavior (controlled environment) (64). Faster digital tools now allow monitoring patients via their health insurance or via different health apps.

3. Experiments allow researchers to modify variables and explain changes observed in a dependent variable by a change observed in the independent variable. Experiments were mostly restricted to laboratory contexts as it is very difficult to control all the variables in an environment. This contextual limitation is, however, blurred with digital health research and the use of technologies in less controlled environments. In addition, and even within a laboratory, attention should be given to hardware and software variability between devices as it can affect stimulus presentation and perception of a stimulus as well as human–machine interaction (64).

Although there is no one best method for all digital health research projects, a well-defined problem usually hints at the most appropriate method of research. There also often are cost/quality trade-offs that urge the researcher to consider budget and time as part of the general design process.





PROJECT DESIGN


Designing Digital Health Systems With Human Factors Approach


What Is User-Centered Design?

A user-centered design (UCD) is an iterative design process in which designers focus on users and their needs in each phase of the design process. Design teams may include professionals from multiple disciplines (ethnographers, psychologists, engineers), as well as domain experts, stakeholders, and the users themselves. They also involve users throughout the design process via a variety of research and design techniques (surveys, interviews, brainstorming), to create highly usable and accessible products. Each iteration of the UCD approach involves four distinct phases illustrated in Figure 2 (65) [see norm ISO (9241-210, 2010)]:

1. understanding the context of use,

2. identifying and specifying user requirements,

3. designing solutions, and

4. evaluating the outcomes of the design to assess its performance.
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FIGURE 2. The four phases of the user-centered design: (2) understanding the context of use, (3) identifying and specifying user requirements, (4) designing solutions, and (5) evaluating the outcomes of the design to assess its performance. Adapted from Nielsen (65).


Iterations are repeated until the evaluation phase is satisfactory.

The term “user-centered method” was first used in 1986 by Don Norman (66), who argued the “importance of design in our everyday lives, and the consequences of errors caused by bad designs.” Ambler later highlighted the efficiency of agility (47) by demonstrating that UCD reduces computing costs (67). UCD approaches further provide advantages in a digital change context (68), all of which can be distinguished in four ways (69):

- User involvement increases the likelihood for a product to meet expectations which in turn increases sales and reduces customer services costs.

- Tailored products reduce the risk of human error (29, 70).

- Designer–user reconciliation increases empathy and creates ethical designs that respect privacy.

- By focusing on specific product users, designers recognize the diversity of cultures and human values through UCD—a step in the right direction to create sustainable businesses.



User-Centered Design in Digital Health

Digital health asserts a translational vision of changed practices and care systems [new modes of assessment through virtual reality (71) and the presence of sensors in smartphones for instance (27, 28)] to drive better health outcomes. However, the human–technology interaction was only put in light recently (72): it took a decade to first develop and then apply a theoretical understanding of the scope for a substantial, human-centered “design-reality” gap in healthcare (73).

In terms of functionalities, the focus is on usability of parameters such as appearance, appeal, and ease of navigation, as well as various interventions that include quizzes, games, self-monitoring tools, progress reports, downloadable documents, and other similar features [e.g., for social anxiety disorder (74)]. On the other hand, numerous barriers potentially prevent people from participating in evaluations of DHIs such as being too busy, feeling incapable of using the technology, or disliking its impersonal nature (75, 76).

Increasing interest in human factors has underpinned key developments in digital health, spanning intervention development, implementation, and the quest for patient-centered care (77). The emergence of ML chatbots and other patient-centered designs within Internet-based cognitive behavioral therapy has proven to facilitate access and improve tailored treatments (78). This is mainly due to the digital removal of several barriers such as reduced perceptions of stigma (very present in face-to-face services) and a rapid response to the need of “in the moment” support for mental distress. All these reasons increase the demand for digital mental healthcare in formal healthcare settings (79).



Benefits, Facilitators, and Barriers of UCD in DHI

To truly benefit from DHI, privacy and data governance, clinical safety (handling crisis in mental health apps for instance), and evidence for effectiveness must be at the core of the design (80, 81). This is unfortunately not always the case as shown by a smartphone app review revealing that, out of all health apps, only 11 were identified as “prescriptible” [meaning that they included randomized controlled trials (RCTs) reporting of effectiveness without clinical intervention] (82).

The UCD of digital health systems enables greater engagement and long-term use of digital tools (83). However, little attention is given to human factors such as ethnography of users or usability testing (77), or to the real-world difficulties that individuals face (84, 85) such as technology cost and privacy or security issues (86). These barriers reduce health outcomes with poor user engagement despite mobile health interventions (87–89). The decision-making power toward consumers is in turn insufficient (80), raising questions of access [namely in low- and middle-income countries (90)], equity, health literacy, privacy, and care continuity (14).

In their review of all barriers and facilitators for DHI engagement and recruitment, O'Connor et al. (91) distinguished four themes:

1. personal agency and motivation,

2. personal life and values,

3. the engagement and recruitment approach, and

4. DHI quality.

Education (91) and age (92, 93) were given particular attention as poor computer skills in both low-education individuals and old adults added to the enrollment struggle. In the same vein, literacy skills (94, 95) and the ability to pay for the technology (96) have impact on people's ability to interact with and use DHIs. All these factors ought to be further explored.

In summary, adopting a UCD of DHI would optimize long-term tool acceptance (6). Interdisciplinary collaborations could provide knowledge about “the context of use” (97), but it is crucial to further identify the technological and economic feasibility of the design (98, 99). In addition to the central role of human factors in DHI, attention should also be given to cognitive biases that come with ML strategy implementation and data interpretation.




Identifying Cognitive Biases in Digital Health to Improve Health Outcomes

Studies from the past decades point at the vulnerability of the human mind to cognitive biases, logical fallacies, false assumptions, and other reasoning failures (100). In the health system context, cognitive biases can be defined as faulty beliefs that affect decision-making and can result in the use of heuristics in the diagnostic process (101, 102). Kahneman and Tversky introduced a dual-system theoretical framework to explain judgments, decision under uncertainty, and cognitive biases (103, 104). In this model, illustrated in Figure 3, system 1 refers to an automatic, intuitive, unconscious, fast, and effortless decision process. Conversely, system 2 makes deliberate, non-programmed, conscious, slow, and effortful decisions. Most cognitive biases are likely due to the overuse of system 1 vs. system 2 (100, 105–107).
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FIGURE 3. Properties of the dual-system theoretical framework of Kahneman (103) to explain judgments, decision under uncertainty, and cognitive biases: (2) system 1 refers to an automatic, intuitive, unconscious, fast, and effortless decision process; (3) system 2 makes deliberate, non-programmed, conscious, slow, and effortful decisions. Schema taken from Kahneman (103).



Cognitive Biases Included in Diagnostic Reasoning and Healthcare Strategies

“Diagnostic reasoning is the complex cognitive process used by clinicians to ascertain a correct diagnosis and therefore prescribe appropriate treatment for patients” (108): the ultimate consequences of diagnostic errors include unnecessary hospitalizations, medication underuse and overuse, and wasted resources (109, 110).

Diagnostic reasoning and risk of errors can be explained by adapting the dual-system model to the health system context. For instance (99—see Appendix 2), system 2 overrides system 1 when physicians take a time-out to reflect on their thinking. System 1 also often irrationally overrides system 2 when physicians ignore evidence-based clinical decision rules that outperform them. Depending on what system overrides the other, the calibration (the degree to which the perceived and actual diagnostic accuracy corresponds) will differ.

The main cognitive biases affecting medical performance and diagnosis are the following (111, 112):

- Premature closure (113–117): an automatic process that occurs when the provider closes the diagnostic reasoning process by clinging to an early distractor/diagnosis without fully considering all the salient cues (106).

- Search satisficing (112, 118): a subtype of premature closure in which searches for further evidence are terminated after a diagnosis is reached. This is the case for medical students that do not initiate a search for a secondary diagnosis (118).

- Availability (106, 113, 118): falsely enhancing the probability of a diagnosis following the recent exposure of the physician to that diagnosis (106).

- Anchoring (112, 113, 115): a subtype of premature closure in which a provider stakes their claim on a diagnosis, minimizing information that do not support the diagnosis with which they have attached their proverbial anchor (115).

- Base rate neglect (119): predicting the diagnosis occurrence probability when two independent probabilities are erroneously combined, ignoring the base rate and leading to under- or overestimating the diagnosis possibility (120).

- Diagnostic momentum (112, 119, 121): a subtype of anchoring and premature closure in which the suggestion power of colleagues is taken at face value. For example, the diagnosis of anxiety disorder of the patient established from her family doctor through to the emergency department (ED), and although she might well have had hyperventilation due to anxiety, other possibilities were not ruled out earlier on in her care (112).

- Overconfidence and lower tolerance to risk/ambiguity (122, 123). Because of these two biases, misdiagnosis, mismanagement, and mistreatment are frequently associated with poorer outcomes, leading to patient dissatisfaction and medical complaints and eventually to a dropout of the digital health system (79, 124–126).

In the specific context of digital mental health, it is important to identify potential cognitive biases in patients as well in order to avoid misinterpretation and treatment misusage. In addition to the eight cognitive biases mentioned above, other cognitive factors such as coping strategies (127, 128) and the role of emotional stimuli (e.g., in depression, there is a lack of such a bias) (129) require particular attention in order to design tailored digital treatments and to drive ultimately an effective digital health strategy.

Early recognition of the cognitive biases of physicians is crucial to optimize medical decisions, prevent medical errors, provide realistic patient expectations, and decrease healthcare costs (107, 126, 130). Some debiasing strategies include the following:

1. Advocating for a view in which clinicians can change thinking patterns through awareness of bias and feedback (100). It consists of theories of reasoning and medical decision-making, bias inoculation, simulation training, computerized cognitive tutoring, metacognition, slow-down strategies, group decision strategy, and clinical decision support systems to force diagnostic reasoning out of bias-prone thought analytic processes.

2. Digital cognitive behavioral therapy [see, for review, 125] through which positive cognitive bias modification could be used as a potential treatment for depression (131), for anxiety disorders (25), for persecutory delusions (132), for improvement of social interaction in autism spectrum disorders and dementia (26), and for people with suicidal thoughts (133).

There is, however, no consensus regarding the efficacy of such debiasing approaches (118). In addition, other biases such as aggregation bias (the assumption that aggregated data from clinical guidelines do not apply to their patients) or hindsight bias (the tendency to view events as more predictable than they really are) also compromise a realistic clinical appraisal and could lead to medical errors (134, 135). This brings us to the urgent need for transparent and explicit data and strategy.



Biases in Defining Machine Learning Strategies

Cognitive biases exposed previously mainly concern physicians and their ability to analyze a digital diagnosis. Data scientists are also prone to specific cognitive biases given the strong interpretative component of data science and ML (136). Biases affecting data scientists in the digital mental health setting include but are not limited to the following (136):

- survivorship: a selection bias in which data scientists implicitly filter data based on some arbitrary criteria and then try to make sense out of it without realizing or acknowledging that they are working with incomplete data;

- retrospective cost: the tendency to make decisions based on how much of an investment they have already made, which leads to even more investment but no returns whatsoever;

- illusion of causality: the belief that there is a causal connection between two events that are unrelated;

- availability: the natural tendency to base decisions on information that is already available without looking at potentially useful alternatives that might be useful; and

- confirmation: the interpretation of new information in a way that makes it compatible with prior beliefs.

Despite these data science biases, a promise of ML in healthcare is precisely to avoid biases. The biases of scientists and clinicians would be circumvented by an algorithm that would objectively synthesize and interpret the data in the medical record and/or offer clinical decision support to guide diagnosis and treatment (58). In the digital health context, integration of ML to clinical decision support tools such as computerized alerts or diagnostic support could offer targeted and timely information that would in turn improve clinical decisions (58, 137–140). With the rise of ML in the DHI, data sources and data collection methods should be further examined to better understand their potential impact (141–143). Biases that could be introduced through reliance on data derived from the electronic health record include but are not limited to the following:

- Missing data: If communicated sources such as patient-reported data are incomplete (missing or inaccessible), algorithms (that only use available data) may correctly misinterpret available data (144). Algorithms could thus be a bad choice for people with missing data (145) [people with low socioeconomic status (146) or those with psychosocial issues (147) for instance].

- Misclassification and measurement errors: Misclassification of diseases and measurement errors are common sources of bias in observational studies and analyses based on electronic health record data. Care quality may be affected by implicit biases related to patient factors, such as sex and race, or practitioner factors [e.g., patient with low socioeconomic status (148) or women (149)]. If patients receive differential care or are differentially incorrectly diagnosed based on sociodemographic factors, algorithms may reflect practitioner biases and misclassify patients based on those factors (58).

We mostly identified and described biases that interfere once the data are already collected. It is important to note that biases can also interfere earlier in the process, at every step of it, from brainstorming to literature reviewing (143). The main recommendation is to stay alert to all different biases, whether they are mentioned in this paper or not.





DATA COLLECTION–ANALYSIS


From Data to Information

As seen above, decision-making in the medical field often has far-reaching consequences. To better measure these consequences, it is essential to build certainties: certainties on the data used, their source, their format, and their update; certainties on the information put forward and their implications; and certainties on the tools exploiting these data as well as on the reliability of the algorithms and visual representations made available. These questions concern data in a broad way.

It thus seems important to start this technical part of the paper by defining the notions of data, information, and knowledge, as all three are involved in decision-making processes.

We will then focus our approach on the data and the different steps to structure, exploit, and enhance them.


Definitions: Data, Information, and Knowledge

Grazzini and Pantisano (150) defined each concept as follows:

Data can be considered as raw material given as input to an algorithm. Since it cannot be reproduced when lost, it must be carefully preserved and harvested. It can be of different forms: a continuous signal as in the recording of an electroencephalogram (EEG), an image representing a magnetic resonance imaging (MRI), a textual data, or a sequence of numerical values representing a series of physiological measurements or decisions taken via an application. Data can be complete, partial, or noisy. For example, if only a portion of an EEG recording is available, then the data are partial. Conversely, an EEG recording that has been completed but that has some parts unusable is said to be noisy because the noise alters the completeness of the recording. Two types of data can be distinguished: unstructured data, i.e., data directly after their collection or generation, and structured data, i.e., data that have been analyzed, worked on, and put in relation to each other to put them in a format suitable for the analysis considered afterwards. In the second case, it is considered information. Importantly, data by themselves are worthless.

Information is dependent on the original data and the context. If it is lost, it can be reproduced by analyzing the data. Depending on the data processed at time t, information must be accurate, relevant, complete, and available. Information is intelligible by a human operator and can be used in a decision-making process. It is therefore significant and valuable since it provides an answer to a question. It can take various forms such as a text message, a table of numerical values, graphs of all kinds, or even in the shape of a sound signal.

When semantics are added to a set of information, it becomes knowledge. Information, depending on the context, will not have the same impact. It is the context and the semantics brought by it and the human operator involved that will determine the value of that knowledge.

To illustrate these definitions in a mental health setting, in the case of a patient undergoing a follow-up with a psychiatrist: the psychiatrist can make his patient pass numerous tests in order to collect data: MRI, EEG, and textual answers to questionnaires. These data, once processed, formatted, and analyzed together, will represent a set of information on the condition of the patient. It is the combination of the knowledge and experience of the doctor, combined with his knowledge of the patient, his family context, and the current socioeconomic context, that will enable him to have a global knowledge of his patient and to provide him with the best possible support.

The passage from data to information thus requires a majority of digital processing to highlight correlations according to a given context. However, the passage to the knowledge stage requires considering individuals involved (see Project design). Figure 4 illustrates data transformation into information through digital processing and into knowledge through human evaluation.
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FIGURE 4. Data transformation into information (from 1 to 5) then knowledge through KDD steps: (a) raw data can be collected to become target data, which can also be acquired or generated by an external process: it is the data generation, acquisition, or collection step. (b) Target data are submitted to a data preprocessing step according to the data mining techniques targeted: target data can thus be cleaned, filtered, completed, and anonymized if necessary. This second step allows to obtain preprocessed data. (c) Preprocessed data are submitted to data mining techniques to detect, identify, and extract patterns and relevant features. (d) Discovered patterns and features can thus be rearranged (e.g., with visual tools) for or within the phase of interpretation during the postprocessing step. The result is the generation of information. (e) Information evaluated by a human becomes knowledge: this step is an external one (i.e., not technical) and takes into account knowledge of the situation (context, issues, stakeholders, etc.).


There is thus an increasing complexity in this process of transforming data into information and then into knowledge which make it difficult to identify and extract. We will present a process dedicated to these tasks in the following section.



Knowledge Data Extraction in the Literature

The process of Knowledge Discovery of Data (KDD) is defined as the process of discovering useful knowledge from data (151). As a three-step process, the KDD includes (2) a preprocessing step which consists of data preparation and selection, (3) a data mining step involving the application of one or many algorithms in order to extract information (i.e., patterns), and (4) a postprocessing step to analyze extracted information manually by a human operator and lead to knowledge discovery.

As an iterative and interactive process, KDD involves many steps and decisions of the users. Iterations can continue as long as extracted information does not satisfy the decision-maker (see Identifying cognitive biases in digital health to improve health outcomes).

Concretely, as illustrated in Figure 5, the KDD stages encompass the following: (2) understanding the scope of the application field; (3) creation of the target dataset; (4) data cleaning and preprocessing; (5) data reduction and projection: reducing the number of variables to be analyzed by reducing the dimensionality of the data, extracting invariant representations, or searching for relevant characteristics; (6) matching the goals of the KDD process with the right method(s) in data mining; (7) exploratory analysis and selection model and hypothesis: selection of the data mining algorithm and method that will be used for the pattern search; (8) data mining: searching for interesting patterns in a particular form of representation, which includes rule and tree classification, regression, and clustering; (9) data postprocessing and visualization: interpretation of the patterns found with possible return to any step from 1 to 7 for a new cycle; and (10) action on discovered knowledge.
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FIGURE 5. The nine Knowledge Discovery of Data stages adapted from Fayyad (151): (2) understanding the scope of the application field, (3) creation of the target dataset, (4) data cleaning and preprocessing, (5) data reduction and projection: dimensionality reduction and extraction of invariant representations and relevant characteristics, (6) matching the KDD goals with the right data mining method(s), (7) exploratory analysis and selection model and hypothesis: selection of the data mining algorithm and method that will be used for the pattern search, (8) data mining: searching for interesting patterns in a particular form of representation (e.g., tree classification, regression, and clustering), (9) data postprocessing and visualization: interpretation of the patterns found with possible return to any step from 1 to 7 for a new cycle, and (10) action on discovered knowledge.


Here, we mainly focus our approach on the technical aspect, i.e., data and their transformation into information. We aim to present a complete and global approach by covering the KDD stages in the life cycle of a digital health product from the definition of the scientific question to data collection and analysis (for further details, see Appendix 3). We will reveal our approach in the following section.



Information Data Extraction Applied to Technology

We are aligned with the three-step approach of Fayyad (151) for information extraction:

- data preprocessing (data cleaning, data editing, data curation, and data wrangling),

- data mining with a special focus on biostatistics and AI and ML algorithms, and

- postprocessing focusing on data visualization.

Figure 4 proposes a representation of the global approach for information extraction for a specific question or product design.

Upstream of these activities, we would like to highlight two areas that are essential to good data management and that allow an optimization of the research of a team: data strategy, which aims at standardizing data management, and data governance, or the implementation of solutions to respond to the strategic issues defined beforehand.




Global Approach: Data Strategy and Governance


Data Strategy

Within a digital research project, technical and operational tasks are either managed by the same person (it is generally the case in a fundamental research team) or by distinct groups (it is the case for R&D groups in which technical teams focus on system architecture, development, quality, and testing, while operational teams handle experimental requirements and process definition). These concepts are classically and poorly applied to data (in fundamental and R&D teams), thus slowing down the improvement of accuracy, access, sharing, and reuse of data (152).

Data strategy applied to research aims at using, sharing, and moving data resources efficiently (adapted from 147) in order to manage projects easily, facilitate scientific collaboration, and accelerate decision-making regarding new project ideas.

Data strategy contains five core components that work together to comprehensively support an optimal data management:

- Identification: to set common data definition shared with the team, collaborators, and more broadly with the scientific community. In the mental health context for instance, it is crucial to define all biomarkers (whether they are genetic, molecular, anatomical, or environmental) to encompass the complexity of psychiatric disorders.

- Storage: to maintain data in information technology (IT) systems that allow easy access, sharing, and data processing.

- Provision: to anticipate and to prepare data in order to directly share or reuse it with adequate documentation explaining rules and definition.

- Processing: to aggregate data from different IT systems and obtain a centralized 360° data vision. In a mental health project, it could be pertinent to aggregate clinical, biological, and imaging data for instance.

- Governance: see dedicated chapter below (Data governance).



Data Governance

According to the Data Governance Institute, data governance is “a system of decision rights and accountabilities for information-related processes, executed according to agreed-upon models which describe who can take what actions with what information, and when, under what circumstances, using what methods.” Data governance is generally informal in fundamental research labs due to reduced (<15 people) and homogeneous (with the same background) teams in which processes, information, and tools are shared by everyone. This informal approach is less applicable with team expansion, different profile recruitment, scientific collaboration, or any operation that implies cross-functional activities. Initially designed for private industries, formal data governance approaches allow to frame cross-functional activities with a set of objectives adapted from the Data Governance Institute:

- to optimize decision-making: with a deeper knowledge of data assets and related documentation. This is helpful for instance when a choice has to be made between several scientific projects or strategies and the formal data governance approach estimates the ratio between investment and expected scientific value;

- to reduce operational friction: with defined and transparent roles and accountabilities regarding data and data use;

- to protect the needs of teams within a scientific collaboration framework;

- to train teams and collaborators to build common standards for approaching data issues;

- to reduce costs and increase effectiveness through effort coordination;

- to ensure transparency of processes;

- to accelerate and facilitate scientific collaboration;

- to allow scientific audit; and

- to respect compliance with the required documentation.

Data governance should not be applied as a theoretical concept but should rather be considered for its potential added value when it comes to pain points and the definition of use cases (e.g., to ensure data quality of a mental health digital project focused on schizophrenia). Good practices could anticipate value creation and changes triggered by the data governance framework (harmonious collaborations and their impact on data-related decisions for instance).

Regarding enterprise systems, research teams and/or scientific collaboration will require only a restricted number of rules and thus do not need a large organization assigned to data governance but more likely some clear and identified accountabilities and documentation for all scientific members (for further details, see Appendix 4).

In summary, data strategy and governance give a starting framework to structure the data management policy and strategy of a research team. Depending on the size of the team, the issues at stake, and the collaborations, these steps can have a real added value. As research teams do not rely on nor need large organizations for their data governance, it is also important to include other operational steps in a digital health data-centered project.




Operational Approach: From Preparation and Mining to Visualization


Data Preprocessing: Cleaning and Making Data Available

The preprocessing step consists in preparing the dataset to be mined (see Figure 4). This implies the following: (2) data cleaning, which consists in removing noise, corrupted data, and inaccurate records (3, 153, 154) data editing to control data quality by reviewing and adjusting it (155) and to anonymize data when needed with respect to data privacy standards (4, 156, 157) data curation to manage data maintainability over time for reuse and preservation (158); and 4) data wrangling or the process of mapping data from one type to another to fit the selected mining technique (e.g., from natural language to numerical vectors) (159). It is an important step in the KDD process (160) since the quality of the analysis of a data mining algorithm relies on the data available for the analysis. This step is inevitable as each dataset must be preprocessed before being mined. Alternatives (161) to preprocessing data exist but depend on the objective and the nature of available data, which makes it overwhelming to unexperienced users (162). It is thus essential to fix an explicit objective (i.e., a question to answer or a hypothesis to study) before preprocessing to choose the appropriate techniques.



Data Mining: From Biostatistics to Machine Learning


Biostatistics

Unlike ML, biostatistics are not used to establish predictions; hence, they do not require a large amount of data. Biostatistics study inferences between different populations by establishing a quantitative measure of confidence on a given sample of the population (163).

The frontiers between statistics and ML can be blurry as data analyses are often common to both [it is the case for the bootstrap method used for statistical inference and for the random forest (RF) algorithm]. It is thus important to differentiate statistics (that require us to choose a model incorporating our knowledge of the system) from ML (that requires us to choose a predictive algorithm by relying on its empirical capabilities) (163).



Data Mining

Data mining is characterized by the willingness to find any possible means in order to be able to answer the research question. It can thus be defined as the process of analyzing large amounts of data to uncover patterns, associations, anomalies, commonalities, and statically significant structures in data (164). The two main goals of data mining are thus prediction of future behavior according to discovered patterns and description or the presentation in human-understandable shapes of the patterns found. To do so, data mining focuses on the analysis and extraction of features (extractable measurements or attributes) and patterns (arrangements or ordering with an underlying structure). Subfields of data mining include pattern recognition domain (or the characterization of patterns) (165) and pattern detection and matching (mining data to characterize patterns).

Data mining also includes subsets of popular algorithms:

- Classification consists in learning a function that classifies data into one or more predefined classes. For example, to predict generalized anxiety disorder among women, it is possible to either use RF to implement featured selection of the data mining classifier on the mental health data (166), or to use decision tree-based classification (167) or Shapley value algorithm (168).

- Regression consists in learning a function that matches data with a real predictor variable. The purpose of these algorithms is to analyze the relationship of variables with respect to the others, one by one, and to make predictions according to these relationships. It can be a statistical method or a ML algorithm. For example, Yengil et al. (169) used regression algorithms to study depression and anxiety in patients with beta thalassemia major and to further evaluate the impact of the disorder on quality of life.

- Another type of algorithm is clustering that consists in detecting a finite set of categories to describe data. Categories can be mutually exclusive and exhaustive or consist of a richer representation such as hierarchical or overlapping categories. The k-mean algorithm for instance can describe a population of patients as a finite set of clusters, each one grouping individuals sharing same features (e.g., children vs. adults).

- Summarization methods are used to find a compact description for a subset of data.

- Dependency modeling consists in finding a model that describes significant dependencies between variables. This can be done at the structural level (specifying dependent variables) or the quantitative level (specifying the strength of a dependency using numerical scales).

All these methods aim at extracting features or patterns following the search method as previously discussed in Defining the goal and the approach.




Data Postprocessing: Visualization and Evaluation

To efficiently communicate scientific information, data visualization (or graphic representation) should be specifically designed for the targeted audience. This can involve exploratory and/or explanatory objectives (170):

- Pure exploratory: addressed to teammates and collaborators to highlight main results in order to make data memorable and to identify the next strategic steps of the project.

- Explanatory/exploratory mixed: addressed to the scientific community, to share information and provide reliable (accessible and intelligible) data that can be analyzed and challenged by others. It can also support the scientific story telling in a grant application.

- Pure explanatory: addressed to patients, to quickly and efficiently explain scientific information with an appropriate and tailored content.

As seen in Figures 4, 5, evaluating and interpreting mined patterns or extracted data through visualization can possibly induce returning to any previous step from preprocessing to data mining until discovered knowledge answers the fixed goal.




An Example of Our Method Applied to Mental Health

There is a growing number of mobile apps dedicated to mental health. Among them, “Moodfit” shapes up the mood, “Mood mission” teaches coping skills, “Talkspace” provides a virtual space for therapy, “Sanvello” acts as a stress relief, “Headspace” opens a virtual door to meditation, and “Shine” answers the specific mental health needs of BIPOC communities. However, there is no single guide for the development of evidence-based MHapps (171). An analysis of all apps dedicated to depression on the major marketplaces (Apple App and Google Play stores) shortlisted 293 apps that self-advertised as research-based (172). Among these apps, only 3.41% had published research that supports their claims of effectiveness, among which 20.48% were affiliated with an academic institution or medical facility. This analysis strongly indicates the need for mental health applications to be more rigorous (172), i.e., by following a strict method.

We have thus applied our end-to-end methodology to build a mobile application called i-decide (www.i-decide.fr) that facilitates decision processes under uncertainty. The application aims at complementing existing neuropsychological testing that take places punctually in a controlled setting by collecting longitudinal data on a daily basis. The data collected concern decision processes and all cognitive and emotional functions that impact decision-making (Boulos et al., in revision). All data are used to feed an algorithm that learns optimal choices (that reduce long hesitations and associated anxiety as well as the percentage of regret postdecision) under uncertain conditions. We tested the application on a population of 200 adult users with no diagnosed mental illness. Results revealed time slots during which decision-making was optimal as well as clusters of decision profiles according to stress, motivation, daily goals, support system, and the ratio of minor vs. major decisions (Boulos et al., in revision). More information can be found on the mobile application's website www.i-decide.fr.




DISCUSSION


Summary

AI algorithms together with advances in data storage have recently made it possible to better characterize, predict, prevent, and eventually cure a range of psychiatric illnesses. Amid the rapidly growing number of biological devices and the exponential accumulation of data in the mental health sector, the upcoming years are facing a need to homogenize research and development processes in academia as well as in the private sector and to centralize data into federalizing platforms. In this work, we describe an end-to-end methodology that optimizes and homogenizes digital biophysiological and behavioral monitoring with the ultimate ambition to bridge the gap between fundamental and applied research.



Methodology and Recommendations

The first step described project conception and planning stages. We proposed approaches to evaluate the feasibility of a digital mental health project, to define its goal, and to design the research approach accordingly. We clarified digital mental health research conceptions and misconceptions and described the difficulties of combining academic literature and market research. We further underlined the importance of collaborations in the interdisciplinary and intersectoral field to better understand what digital mental health is. We finally focused on the concrete planning of such methodology, that is, how to inject agility every step of the way to create ultimately platforms that reconcile different stakeholders to provide the best assistance possible to patients with mental health issues.

The second step zoomed in on the specificities of project design in mental health. We explained the importance of digital health interventions, the necessity to have clear goals, and the importance of human factors in defining them (introducing the user-centered design). We finally described cognitive biases and their impact on both physicians and data scientists in digital mental health.

The third, last, and more technical step described the stages from data collection to data analysis and visualization. We differentiated the notions of data (raw element), information (transformed data), and knowledge (transformed data with semantic contextual value) to then focus on the key steps of data in a digital mental health research. We provided recommendations for data management, strategy, and governance depending on the size and type of research structure and further elaborated a KDD-based operational approach that can be especially useful for small research teams that wish to work from collection to processing.



Issues at Stake: Ethics and Biases

Exploring the literature around digital mental health interventions leads us to question existing practices, that is, both their strengths and their issues. There are so many questions the scientific community and other stakeholders should consider when developing digital mental health solutions, and these include ethics and biases.

For a trial to be ethical, the assumption of equipoise (i.e., equilibrium) should be included in the design. While general designing and conducting RCT principles (173) are applicable to DHIs, specific DHI features deserve consideration when a trial is expected to provide evidence for rational decision-making: (2) the trial context, (3) the trade-off between external validity (the extent to which the results apply to a definable group of patients in a particular setting) and internal validity (how the design and conduct of the trial minimizes potential for bias) (174, 175) (e.g., of poor trade-off: recruiting highly motivated participants because of missing follow-up data) (174), (4) the specification of the intervention and delivery platform, (5) the choice of the comparator, and (6) establishing methods for separate data collection from the DHI itself.

Detailed specification of DHI is important, because it is required for the replication of trial results, the comparison between DHIs, and synthesizing data across trials in systematic reviews and meta-analyses (176). The relevant data to collect would then focus on usage, adherence, demographic access parameters, and user preferences (6, 177), even if participants are biased because they have access to a myriad of other DHIs. Indeed, someone who has sought help for a problem, entered a trial, and been randomized to the comparator arm, only to find the intervention unhelpful, may well search online until they find a better resource (178).

Finally, a well-designed RCT, especially for its ethical part, highlights the need to create interdisciplinarity. Researchers in digital mental health could learn from the multicycled iterative approach adopted in the industry for optimized development. Researchers from an engineering or computer science background may be surprised by the reliance on RCTs, whereas those from a biomedical or behavioral sciences background may consider that there is too much emphasis on methods other than RCTs. By enhancing critical thinking, interdisciplinarity in a team also tends to reduce cognitive biases. Although we have dedicated an entire part of this paper to cognitive biases (Identifying cognitive biases in digital health to improve health outcomes), there are several important points yet to be discussed. This includes the impact of biases in the decision-making process in digital mental health, the repercussion of the biases of practitioners on the data, and the biases of algorithms. One important message is that there are numerous cognitive biases across multiple domains (such as perception, statistics, logic, causality, social relations…) and that these biases are generally unconscious and effortless, making them hardly detectable and even less so controllable (179). Another important point is how AI and ML acceptability by the community on a social level can in turn affect the cognitive biases of physicians, researchers, and patients on digital mental health. In Appendix 5, we discuss these different issues and propose recommendations to better control the impact of cognitive biases in digital mental health research with the ultimate ambition to improve diagnostic reasoning and health outcomes.



Technical Challenges

In addition to the ethical considerations, working with data comes with technical challenges, three of which we wish to highlight: (2) interoperability that is defined as the property that facilitates rapid and unrestricted sharing and use of data or resources between disparate systems via networks (180), (3) the trade-off between anonymization (to respect data privacy standards) and anonymization willingness, and (4). ML interpretability and explainability issues in digital mental health and digital health in general.

The multiplicity of tools that needs to be functional all while operating easily with other tools rushed the need for a “plug-and-play” interoperability. This is particularly the case for the medical field and its daily clinical use of various medical devices (MRI, computed tomography, ultrasound…). Beyond the traditional interoperability between different healthcare infrastructures, the will of patients to consult and understand their own data is imposing a new infrastructure-to-individual interoperability (181). In the light of this context, we believe that interoperability should be considered by a research team for their data strategy, especially when the research involves collaborations that are wanted or already in place. Beyond optimizing the collaboration and facilitating patient contribution, this could avoid data manipulation mistakes, as well as security or confidentiality failure.

Beyond confidentiality, one of the most sensitive points is privacy. In the context of digital mental health, and given the fact that it is a relatively young field with little information regarding clinically relevant variables (157), the bigger the data volume, the easier it is to identify relevant variables. The need for large data volumes is, however, challenged by the difficulty to collect these data all while respecting the strict health ethics and laws. It is thus crucial to set up the right privacy strategy. We would like also to highlight the existence of other technical challenges such as anonymization of data and explainable AI that are growing research fields (for further details, see Appendix 6).




CONCLUSION

In conclusion, our interdisciplinary collaboration to provide an end-to-end methodology for digital mental health research using interpretable techniques and a human-centered design with a special attention to data management and respecting privacy is therefore (2) a moral subject because it is linked to the transparency of the algorithms and, by extension, to the deriving decisions; (3) an ethical subject because it requires taking into account all people involved, their cognitive biases, and their impact on trials, experiments, and algorithms; and (4) a lever of trust for the end user specially in the mental health field where personal privacy is a critical but essential part that has to be respected.

Beyond this work, we find through our review of the literature that the various approaches taken to address different facets of product conception and design from research to market are siloed. Advances are often made separately and little attention is given to interdisciplinary and intersectoral centralizing approaches like ours in an attempt to provide a complete end-to-end methodology. We cannot stress enough on the timely importance of collaborations in digital mental health to reduce the disciplinary and sectoral gap and create platforms that deliver solutions trusted both by scientists and end users.



DATA AVAILABILITY STATEMENT

The original contributions presented in the study are included in the article/Supplementary Material, further inquiries can be directed to the corresponding author/s.



AUTHOR CONTRIBUTIONS

All authors listed have made substantial, direct and intellectual contribution to the work and approved it for publication.



FUNDING

We express our gratitude to onepoint, especially Erwan Le Bronec, for the financial support to the R&D department, which permitted us to carry out this work. The funder was not involved in the study design, collection, analysis, interpretation of data, the writing of this article or the decision to submit it for publication. The only contribution of the funder is to pay the preliminary publishing fees.



ACKNOWLEDGMENTS

First and foremost, we acknowledge all the contributing authors who participated equally in this work. We would also like to thank Coralie Vennin for her referral to the appropriate literature on the psychological impact of the health crisis due to COVID-19.



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fpsyt.2021.574440/full#supplementary-material



REFERENCES

 1. Klonoff DC, King F, Kerr D. New opportunities for digital health to thrive. J Diabetes Sci Technol. (2019) 13:159–63. doi: 10.1177/1932296818822215

 2. May C, Mort M, Williams T, Mair F, Gask L. Health technology assessment in its local contexts: studies of telehealthcare. Soc Sci Med. (2003) 57:697–710. doi: 10.1016/S0277-9536(02)00419-7

 3. Devlin AM, McGee-Lennon M, O'Donnell CA, Bouamrane M-M, Agbakoba R, et al. Delivering digital health and well-being at scale: lessons learned during the implementation of the dallas program in the United Kingdom. J Am Med Informat Assoc. (2016) 23:48–59. doi: 10.1093/jamia/ocv097

 4. Pagliari C, Detmer D, Singleton P. Potential of electronic personal health records. BMJ. (2007) 335:330–3. doi: 10.1136/bmj.39279.482963.AD

 5. Bailey SC, Belter LT, Pandit AU, Carpenter DM, Carlos E, Wolf MS. The availability, functionality, and quality of mobile applications supporting medication self-management. J Am Med Informat Assoc. (2014) 21:542–6. doi: 10.1136/amiajnl-2013-002232

 6. Murray E, Hekler EB, Andersson G, Collins LM, Doherty A, Hollis C, et al. Evaluating digital health interventions: key questions and approaches. Am J Prev Med. (2016) 51:843–51. doi: 10.1016/j.amepre.2016.06.008

 7. Palanica A, Docktor MJ, Lieberman M, Fossat Y. The need for artificial intelligence in digital therapeutics. Digital Biomarkers. (2020) 4:21–5. doi: 10.1159/000506861

 8. Dunn J, Runge R, Snyder M. Wearables and the medical revolution. Per Med. (2018) 15:429–48. doi: 10.2217/pme-2018-0044

 9. Reti SR, Feldman HJ, Ross SE, Safran C. Improving personal health records for patient-centered care. J Am Med Informat Assoc. (2010) 17:192–5. doi: 10.1136/jamia.2009.000927

 10. Aboujaoude E, Gega L, Parish MB, Hilty DM. Editorial: digital interventions in mental health: current status and future directions. Front Psychiatry. (2020) 11:111. doi: 10.3389/fpsyt.2020.00111

 11. Allen B, Seltzer SE, Langlotz CP, Dreyer KP, Summers RM, Petrick N, et al. A road map for translational research on artificial intelligence in medical imaging: from the 2018 national institutes of Health/RSNA/ACR/The academy workshop. J Am College Radiol. (2019) 16:1179–89. doi: 10.1016/j.jacr.2019.04.014

 12. Miner AS, Shah N, Bullock KD, Arnow BA, Bailenson J, Hancock J. Key considerations for incorporating conversational AI in psychotherapy. Front Psychiatry. (2019) 10:746. doi: 10.3389/fpsyt.2019.00746

 13. Wentzel J, van der Vaart R, Bohlmeijer ET, van Gemert-Pijnen JEWC. Mixing online and face-to-face therapy: how to benefit from blended care in mental health care. JMIR Mental Health. (2016) 3:e9. doi: 10.2196/mental.4534

 14. Huckvale K, Venkatesh S, Christensen H. Toward clinical digital phenotyping: a timely opportunity to consider purpose, quality, and safety. NPJ Digital Med. (2019) 2:88. doi: 10.1038/s41746-019-0166-1

 15. Kamdar MR, Wu MJ. PRISM: a data-driven platform for monitoring mental health. Pac Symp Biocomput. (2016) 21:333–44. doi: 10.1142/9789814749411_0031

 16. Nelson BW, Allen NB. Accuracy of consumer wearable heart rate measurement during an ecologically valid 24-hour period: intraindividual validation study. JMIR MHealth UHealth. (2019) 7:e10828. doi: 10.2196/10828

 17. Khundaqji H, Hing W, Furness J, Climstein M. Smart shirts for monitoring physiological parameters: scoping review. JMIR MHealth UHealth. (2020) 8:e18092. doi: 10.2196/18092

 18. Chadborn NH, Blair K, Creswick H, Hughes N, Dowthwaite L, Adenekan O, et al. Citizens' juries: when older adults deliberate on the benefits and risks of smart health and smart homes. Healthcare. (2019) 7:54. doi: 10.3390/healthcare7020054

 19. Reading Turchioe M, Grossman LV, Baik D, Lee CS, Maurer MS, Goyal P, et al. Older adults can successfully monitor symptoms using an inclusively designed mobile application. J Am Geriat Soc. (2020) 68:1313–8. doi: 10.1111/jgs.16403

 20. Kollins SH, DeLoss DJ, Cañadas E, Lutz J, Findling RL, Keefe RSE, et al. A novel digital intervention for actively reducing severity of paediatric ADHD (STARS-ADHD): a randomised controlled trial. Lancet Digital Health. (2020) 2:e168–78. doi: 10.1016/S2589-7500(20)30017-0

 21. Ginsburg GS, Phillips KA. Precision medicine: from science to value. Health Affairs. (2018) 37:694–701. doi: 10.1377/hlthaff.2017.1624

 22. Cerga-Pashoja A, Gaete J, Shishkova A, Jordanova V. Improving reading in adolescents and adults with high-functioning autism through an assistive technology tool: a cross-over multinational study. Front Psychiatry. (2019) 10:546. doi: 10.3389/fpsyt.2019.00546

 23. Rice S, O'Bree B, Wilson M, McEnery C, Lim MH, Hamilton M, et al. Leveraging the social network for treatment of social anxiety: pilot study of a youth-specific digital intervention with a focus on engagement of young men. Internet Interventions. (2020) 20:100323. doi: 10.1016/j.invent.2020.100323

 24. Azevedo R, Bennett N, Bilicki A, Hooper J, Markopoulou F, et al. The calming effect of a new wearable device during the anticipation of public speech. Sci Rep. (2017) 7:2285. doi: 10.1038/s41598-017-02274-2

 25. Valmaggia LR, Latif L, Kempton MJ, Rus-Calafell M. Virtual reality in the psychological treatment for mental health problems: an systematic review of recent evidence. Psychiatry Res. (2016) 236:189–195. doi: 10.1016/j.psychres.2016.01.015

 26. Riek LD. Chapter 8—robotics technology in mental health care. In: DD Luxton, editor. Artificial Intelligence in Behavioral and Mental Health Care. Notre Dame, IN: Department of Computer Science and Engineering, University of Notre Dame. (2016). p. 185–203. doi: 10.1016/B978-0-12-420248-1.00008-8

 27. Abdullah S, Matthews M, Frank E, Doherty G, Gay G, Choudhury T. Automatic detection of social rhythms in bipolar disorder. J Am Med Informat Assoc. (2016) 23:538–43. doi: 10.1093/jamia/ocv200

 28. Saeb S, Zhang M, Karr CJ, Schueller SM, Corden ME, Kording KP, et al. Mobile phone sensor correlates of depressive symptom severity in daily-life behavior: an exploratory study. J Med Internet Res. (2015) 17:e175. doi: 10.2196/jmir.4273

 29. Christensen H, Cuijpers P, Reynolds CF. Changing the direction of suicide prevention research: a necessity for true population impact. JAMA Psychiatry. (2016) 73:435–6. doi: 10.1001/jamapsychiatry.2016.0001

 30. Lo B, Shi J, Hollenberg E, Abi-Jaoude A, Johnson A, Wiljer D. Surveying the role of analytics in evaluating digital mental health interventions for transition-aged youth: a scoping review. JMIR Mental Health. (2020) 7:e15942. doi: 10.2196/15942

 31. Blumenthal D. Realizing the value (and Profitability) of digital health data. Ann Intern Med. (2017) 166:842–3. doi: 10.7326/M17-0511

 32. Ping NPT, Shoesmith WD, James S, Hadi NMN, Yau EKB, Lin LJ. Ultra brief psychological interventions for covid-19 pandemic: introduction of a locally-adapted brief intervention for mental health and psychosocial support service. Malaysian J Med Sci. (2020) 27:51. doi: 10.21315/mjms2020.27.2.6

 33. Yang Y, Li W, Zhang Q, Zhang L, Cheung T, Xiang YT. Mental health services for older adults in China during the COVID-19 outbreak. Lancet Psychiatry. (2020) 7:e19. doi: 10.1016/S2215-0366(20)30079-1

 34. Shigemura J, Ursano RJ, Morganstein JC, Kurosawa M, Benedek DM. Public responses to the novel 2019 coronavirus (2019-nCoV) in Japan: Mental health consequences and target populations. Psychiatry Clin Neurosci. (2020) 74:281–2. doi: 10.1111/pcn.12988

 35. Wang CJ, Car J, Zuckerman BS. The power of telehealth has been unleashed. Pediatr Clin North Am. (2020) 67:xvii–xviii. doi: 10.1016/j.pcl.2020.05.001

 36. Ravens-Sieberer U, Kaman A, Erhart M, Devine J, Schlack R, Otto C. Impact of the COVID-19 pandemic on quality of life and mental health in children and adolescents in Germany. Euro Child Adolesc Psychiatry. (2021). doi: 10.1007/s00787-021-01726-5. [Epub ahead of print].

 37. Huremović D. Psychiatry of Pandemics. Cham: Springer (2019). doi: 10.1007/978-3-030-15346-5

 38. Eston RG, Rowlands AV. Stages in the development of a research project: putting the idea together. British J Sports Med. (2000) 34:59–64. doi: 10.1136/bjsm.34.1.59

 39. Mathews SC, McShea MJ, Hanley CL, Ravitz A, Labrique AB, Cohen AB. Digital health: a path to validation. NPJ Digital Med. (2019) 2:38. doi: 10.1038/s41746-019-0111-3

 40. Marshall JM, Dunstan DA, Bartik W. The role of digital mental health resources to treat trauma symptoms in australia during COVID-19. Psychol Trauma. (2020) 12:S269–71. doi: 10.1037/tra0000627

 41. Hype Cycle Methodology. Available online at: https://www.gartner.com/en/research/methodologies/gartner-hype-cycle (accessed August 26, 2021).

 42. Trigwell K, Dunbar-Goddet H. The Research Experience of Postgraduate Research Students at the University of Oxford. Oxford: Institute for the Advancement of University Learning, University of Oxford (2005).

 43. Lau N, O'Daffer A, Colt S, Yi-Frazier JP, Palermo TM, McCauley E, et al. Android and iPhone mobile apps for psychosocial wellness and stress management: systematic search in app stores and literature review. JMIR MHealth UHealth. (2020) 8:e17798. doi: 10.2196/17798

 44. Michie S, Yardley L, West R, Patrick K, Greaves F. Developing and evaluating digital interventions to promote behavior change in health and health care: recommendations resulting from an international workshop. J Med Internet Res. (2017) 19:e232. doi: 10.2196/jmir.7126

 45. Alshurafa N, Jain J, Alharbi R, Iakovlev G, Spring B, Pfammatter A. Is more always better?: Discovering incentivized mhealth intervention engagement related to health behavior trends. Proc ACM Interact Mob Wearable Ubiquitous Technol. (2018) 2:153. doi: 10.1145/3287031

 46. Champion L, Economides M, Chandler C. The efficacy of a brief app-based mindfulness intervention on psychosocial outcomes in healthy adults: a pilot randomised controlled trial. PLoS ONE. (2018) 13:e0209482. doi: 10.1371/journal.pone.0209482

 47. Wilson K, Bell C, Wilson L, Witteman H. Agile research to complement agile development: a proposal for an mHealth research lifecycle. NPJ Digital Med. (2018) 1:46. doi: 10.1038/s41746-018-0053-1

 48. Lattie EG, Graham AK, Hadjistavropoulos HD, Dear BF, Titov N, Mohr DC. Guidance on defining the scope and development of text-based coaching protocols for digital mental health interventions. Digital Health. (2019) 5:2055207619896145. doi: 10.1177/2055207619896145

 49. Meyer JHF, Shanahan MP, Laugksch RC. Students' conceptions of research. I: A qualitative and quantitative analysis. Scand J Educ Res. (2005) 49:225–44. doi: 10.1080/00313830500109535

 50. Loncar-Turukalo T, Zdravevski E, Machado da Silva J, Chouvarda I, Trajkovik V. Literature on wearable technology for connected health: scoping review of research trends, advances, and barriers. J Med Internet Res. (2019) 21:e14017. doi: 10.2196/14017

 51. Urquhart C, Currell R. Systematic reviews and meta-analysis of health IT. Stud Health Technol Inform. (2016) 222:262–74. Available online at: https://www.nobelprize.org/prizes/economic-sciences/2002/kahneman/lecture

 52. Murray E, Burns J, May C, Finch T, O'Donnell C, Wallace P, et al. Why is it difficult to implement e-health initiatives? A qualitative study. Implement Sci. (2011) 6:6. doi: 10.1186/1748-5908-6-6

 53. Liu C, Shao S, Liu C, Bennett GG, Prvu Bettger J, Yan LL. Academia-industry digital health collaborations: a cross-cultural analysis of barriers and facilitators. Digital Health. (2019) 5:2055207619878627. doi: 10.1177/2055207619878627

 54. Lupton D. Digital health now and in the future: findings from a participatory design stakeholder workshop. Digital Health. (2017) 3:2055207617740018. doi: 10.4324/9781315648835

 55. Joerin A, Rauws M, Fulmer R, Black V. Ethical artificial intelligence for digital health organizations. Cureus. (2020) 12:e7202. doi: 10.7759/cureus.7202

 56. Jandoo T. WHO guidance for digital health: What it means for researchers. Digit Health. (2020) 6:2055207619898984. doi: 10.1177/2055207619898984

 57. Murray E, Khadjesari Z, White IR, Kalaitzaki E, Godfrey C, McCambridge J, et al. Methodological challenges in online trials. J Med Internet Res. (2009) 11:e9. doi: 10.2196/jmir.1052

 58. Gianfrancesco MA, Tamang S, Yazdany J, Schmajuk G. Potential biases in machine learning algorithms using electronic health record data. JAMA Intern Med. (2018) 178:1544–7. doi: 10.1001/jamainternmed.2018.3763

 59. d'Alessandro B, O'Neil C, LaGatta T. Conscientious classification: a data scientist's guide to discrimination-aware classification. Big Data. (2017) 5:120–34. doi: 10.1089/big.2016.0048

 60. Plante TB, Urrea B, MacFarlane ZT, Blumenthal RS, Miller ER, Appel LJ, et al. Validation of the instant blood pressure smartphone app. JAMA Intern Med. (2016) 176:700–2. doi: 10.1001/jamainternmed.2016.0157

 61. Poli A, Kelfve S, Motel-Klingebiel A. A research tool for measuring non-participation of older people in research on digital health. BMC Public Health. (2019) 19:1487. doi: 10.1186/s12889-019-7830-x

 62. Dockendorf MF, Murthy G, Bateman KP, Kothare PA, Anderson M, Xie I, et al. Leveraging digital health technologies and outpatient sampling in clinical drug development: a phase i exploratory study. Clin Pharmacol Ther. (2019) 105:168–76. doi: 10.1002/cpt.1142

 63. Liang J, He X, Jia Y, Zhu W, Lei J. Chinese mobile health apps for hypertension management: a systematic evaluation of usefulness. J Healthc Eng. (2018) 2018:7328274. doi: 10.1155/2018/7328274

 64. Germine L, Reinecke K, Chaytor NS. Digital neuropsychology: challenges and opportunities at the intersection of science and software. Clin Neuropsychol. (2019) 33:271–86. doi: 10.1080/13854046.2018.1535662

 65. Nielsen J. Usability Engineering (New edition). Morgan Kaufmann Publishers In. (1994).

 66. Norman DA, Draper SW. User Centered System Design: New Perspectives on Human-computer Interaction. Boca Raton, FL: CRC Press (1986). doi: 10.1201/b15703

 67. Ambler SW. Lessons in agility from Internet-based development. IEEE Software. (2002) 19:66–73. doi: 10.1109/52.991334

 68. Morville P, Callender J. Search Patterns (1st ed.). O′Reilly (2010).

 69. Benyon D. Designing Interactive Systems: A Comprehensive Guide to HCI, UX and Interaction Design. Pearson (2014). Available online at: https://www.pearson.com/uk/educators/higher-education-educators/program/Benyon-Designing-Interactive-Systems-A-comprehensive-guide-to-HCI-UX-and-interaction-design-3rd-Edition/PGM1047688.html (accessed August 26, 2021).

 70. Faurholt-Jepsen M, Vinberg M, Frost M, Christensen EM, Bardram J, Kessing LV. Daily electronic monitoring of subjective and objective measures of illness activity in bipolar disorder using smartphones–the MONARCA II trial protocol: a randomized controlled single-blind parallel-group trial. BMC Psychiatry. (2014) 14:309. doi: 10.1186/s12888-014-0309-5

 71. Freeman D. Studying and treating schizophrenia using virtual reality: a new paradigm. Schizophr Bull. (2008) 34:605–10. doi: 10.1093/schbul/sbn020

 72. Granja C, Janssen W, Johansen MA. Factors determining the success and failure of ehealth interventions: systematic review of the literature. J Med Internet Res. (2018) 20:e10235. doi: 10.2196/10235

 73. Heeks R. Health information systems: failure, success and improvisation. Int J Med Inform. (2006) 75:125–37. doi: 10.1016/j.ijmedinf.2005.07.024

 74. Stott R, Wild J, Grey N, Liness S, Warnock-Parkes E, Commins S, et al. Internet-delivered cognitive therapy for social anxiety disorder: a development pilot series. Behav Cogn Psychother. (2013) 41:383–97. doi: 10.1017/S1352465813000404

 75. Gorst SL, Armitage CJ, Brownsell S, Hawley MS. Home telehealth uptake and continued use among heart failure and chronic obstructive pulmonary disease patients: a systematic review. Ann Behav Med. (2014) 48:323–36. doi: 10.1007/s12160-014-9607-x

 76. Sanders C, Rogers A, Bowen R, Bower P, Hirani S, Cartwright M, et al. Exploring barriers to participation and adoption of telehealth and telecare within the Whole System Demonstrator trial: a qualitative study. BMC Health Serv Res. (2012) 12:220. doi: 10.1186/1472-6963-12-220

 77. Huckvale K, Wang CJ, Majeed A, Car J. Digital health at fifteen: More human (more needed). BMC Med. (2019) 17:62. doi: 10.1186/s12916-019-1302-0

 78. Nutt AE. ‘The Woebot will see you now'—The Rise of Chatbot Therapy. Washington Post (2017). Available online at: https://www.washingtonpost.com/news/to-your-health/wp/2017/12/03/the-woebot-will-see-you-now-the-rise-of-chatbot-therapy/ (accessed August 26, 2021).

 79. Fairburn CG, Patel V. The impact of digital technology on psychological treatments and their dissemination. Behav Res Ther. (2017) 88:19–5. doi: 10.1016/j.brat.2016.08.012

 80. Berwick DM. What “patient-centered” should mean: confessions of an extremist. Health Affairs. (2009) 28:w555–65. doi: 10.1377/hlthaff.28.4.w555

 81. Torous J. Mobile telephone apps first need data security and efficacy. BJPsych Bulletin. (2016) 40:106–7. doi: 10.1192/pb.40.2.106b

 82. Byambasuren O, Sanders S, Beller E, Glasziou P. Prescribable mHealth apps identified from an overview of systematic reviews. Npj Digital Med. (2018) 1:1–12. doi: 10.1038/s41746-018-0021-9

 83. Miyamoto S, Henderson S, Young HM, Ward D, Santillan V. Recruiting rural participants for a telehealth intervention on diabetes self-management. J Rural Health. (2013) 29:69–77. doi: 10.1111/j.1748-0361.2012.00443.x

 84. Goel MS, Brown TL, Williams A, Cooper AJ, Hasnain-Wynia R, Baker DW. Patient reported barriers to enrolling in a patient portal. J Am Med Informat Assoc. (2011) 18(Suppl. 1):i8–12. doi: 10.1136/amiajnl-2011-000473

 85. Lakerveld J, Ijzelenberg W, van Tulder MW, Hellemans IM, Rauwerda JA, van Rossum AC, et al. Motives for (not) participating in a lifestyle intervention trial. BMC Med Res Methodol. (2008) 8:17. doi: 10.1186/1471-2288-8-17

 86. O'Connor S, Mair FS, McGee-Lennon M, Bouamrane M, O'Donnell K. Engaging in large-scale digital health technologies and services. What factors hinder recruitment? Stud Health Technol Inform. (2015) 210:306–10.

 87. Dyrbye LN, Shanafelt TD, Sinsky CA, Cipriano PF, Bhatt J, Ommaya A, et al. Burnout Among Health Care Professionals: A Call to Explore and Address this Underrecognized Threat to Safe, High-Quality Care. NAM Perspectives. Discussion Paper, National Academy of Medicine, Washington, DC (2017). doi: 10.31478/201707b

 88. Greenhalgh T, Procter R, Wherton J, Sugarhood P, Hinder S, Rouncefield M. What is quality in assisted living technology? The ARCHIE framework for effective telehealth and telecare services. BMC Med. (2015) 13:91. doi: 10.1186/s12916-015-0279-6

 89. Torous J, Nicholas J, Larsen ME, Firth J, Christensen H. Clinical review of user engagement with mental health smartphone apps: evidence, theory and improvements. Evid Based Ment Health. (2018) 21:116–9. doi: 10.1136/eb-2018-102891

 90. Opoku D, Stephani V, Quentin W. A realist review of mobile phone-based health interventions for non-communicable disease management in sub-Saharan Africa. BMC Med. (2017) 15:24. doi: 10.1186/s12916-017-0782-z

 91. O'Connor S, Hanlon P, O'Donnell CA, Garcia S, Glanville J, Mair FS. Understanding factors affecting patient and public engagement and recruitment to digital health interventions: a systematic review of qualitative studies. BMC Med Inform Decis Mak. (2016) 16:120. doi: 10.1186/s12911-016-0359-3

 92. Choi NG, DiNitto DM. The digital divide among low-income homebound older adults: internet use patterns, ehealth literacy, and attitudes toward computer/internet use. J Med Internet Res. (2013) 15:e93. doi: 10.2196/jmir.2645

 93. Selwyn N, Gorard S, Furlong J, Madden L. Older adults' use of information and communications technology in everyday life. Ageing Soc. (2003) 23:561–82. doi: 10.1017/S0144686X03001302

 94. Cashen MS, Dykes P, Gerber B. eHealth technology and Internet resources: Barriers for vulnerable populations. J Cardiovasc Nursing. (2004) 19:209–14; quiz 215–216. doi: 10.1097/00005082-200405000-00010

 95. Kontos E, Blake KD, Chou WYS, Prestin A. Predictors of eHealth usage: Insights on the digital divide from the Health Information National Trends Survey 2012. J Med Internet Res. (2014) 16:e172. doi: 10.2196/jmir.3117

 96. Neter E, Brainin E. eHealth literacy: extending the digital divide to the realm of health information. J Med Internet Res. (2012) 14:e19. doi: 10.2196/jmir.1619

 97. de Ruyter B. User centred design. In Aarts E, Marzano S, editors. In: The New Everyday: Views on Ambient Intelligence. 010 Publishers (2003).

 98. Bowen DJ, Kreuter M, Spring B, Cofta-Woerpel L, Linnan L, Weiner D, et al. How we design feasibility studies. Am J Prev Med. (2009) 36:452–7. doi: 10.1016/j.amepre.2009.02.002

 99. Steen M. Human-centered design as a fragile encounter. Design Issues. (2012) 28:72–80. JSTOR. doi: 10.1162/DESI_a_00125

 100. Croskerry P. From mindless to mindful practice—Cognitive bias and clinical decision making. N Engl J Med. (2013) 368:2445–8. doi: 10.1056/NEJMp1303712

 101. Croskerry P, Singhal G, Mamede S. Cognitive debiasing 1: origins of bias and theory of debiasing. BMJ Qual Safety. (2013) 22(Suppl. 2):ii58–64. doi: 10.1136/bmjqs-2012-001712

 102. Zwaan L, Thijs A, Wagner C, Timmermans DRM. Does inappropriate selectivity in information use relate to diagnostic errors and patient harm? The diagnosis of patients with dyspnea. Soc Sci Med. (2013) 91:32–8. doi: 10.1016/j.socscimed.2013.05.001

 103. Kahneman D. 'Maps of bounded rationality: a perspective on intuitive judgment and choice'. Nobel Prize Lecture. (2002) 8, 351–401. Available online at: https://www.nobelprize.org/prizes/economic-sciences/2002/kahneman/lecture/

 104. Tversky A, Kahneman D. Judgment under uncertainty: heuristics and biases. Science. (1974) 185:1124–31. doi: 10.1126/science.185.4157.1124

 105. Ely JW, Graber ML, Croskerry P. Checklists to reduce diagnostic errors. Acad Med. (2011) 86:307–13. doi: 10.1097/ACM.0b013e31820824cd

 106. Mamede S, van Gog T, van den Berge K, van Saase JLCM, Schmidt HG. Why do doctors make mistakes? A study of the role of salient distracting clinical features. Acad Med. (2014) 89:114–20. doi: 10.1097/ACM.0000000000000077

 107. van den Berge K, Mamede S. Cognitive diagnostic error in internal medicine. Eur J Intern Med. (2013) 24:525–9. doi: 10.1016/j.ejim.2013.03.006

 108. Appel S, Wadas T, Talley M, Williams A. Teaching diagnostic reasoning: transitioning from a live to a distance accessible online classroom in an Adult Acute Care Nurse Practitioner Program. J Nursing Educ Practice. (2014) 3. doi: 10.5430/jnep.v3n12p125

 109. Ioannidis JP, Lau J. Evidence on interventions to reduce medical errors: an overview and recommendations for future research. J Gen Intern Med. (2001) 16:325–34. doi: 10.1046/j.1525-1497.2001.00714.x

 110. OECD. Health at a Glance 2013. (2013). Available online at: https://www.oecd-ilibrary.org/content/publication/health_glance-2013-en (accessed August 26, 2021).

 111. Lawson TN. Diagnostic reasoning and cognitive biases of nurse practitioners. J Nurs Educ. (2018) 57:203–8. doi: 10.3928/01484834-20180322-03

 112. Saposnik G, Redelmeier D, Ruff CC, Tobler PN. Cognitive biases associated with medical decisions: a systematic review. BMC Med Inform Decision Making. (2016) 16:138. doi: 10.1186/s12911-016-0377-1

 113. Brosinski CM. Implementing diagnostic reasoning to differentiate Todd's paralysis from acute ischemic stroke. Adv Emerg Nurs J. (2014) 36:78–86. doi: 10.1097/TME.0000000000000007

 114. Elstein AS. Thinking about diagnostic thinking: a 30-year perspective. Adv Health Sci Educ. (2009) 14(Suppl).1:7–18. doi: 10.1007/s10459-009-9184-0

 115. Ilgen JS, Eva KW, Regehr G. What's in a label? Is diagnosis the start or the end of clinical reasoning? J General Internal Med. (2016) 31:435–7. doi: 10.1007/s11606-016-3592-7

 116. Monteiro SM, Norman G. Diagnostic reasoning: where we've been, where we're going. Teach Learn Med. (2013) 25(Suppl. 1):S26–32. doi: 10.1080/10401334.2013.842911

 117. Pirret AM, Neville SJ, La Grow SJ. Nurse practitioners versus doctors diagnostic reasoning in a complex case presentation to an acute tertiary hospital: A comparative study. Int J Nurs Stud. (2015) 52:716–26. doi: 10.1016/j.ijnurstu.2014.08.009

 118. Sherbino J, Kulasegaram K, Howey E, Norman G. Ineffectiveness of cognitive forcing strategies to reduce biases in diagnostic reasoning: a controlled trial. CJEM. (2014) 16:34–40. doi: 10.2310/8000.2013.130860

 119. Thammasitboon S, Cutrer WB. Diagnostic decision-making and strategies to improve diagnosis. Curr Probl Pediatr Adolesc Health Care. (2013) 43:232–41. doi: 10.1016/j.cppeds.2013.07.003

 120. Thompson C. Clinical experience as evidence in evidence-based practice. J Adv Nurs. (2003) 43:230–7. doi: 10.1046/j.1365-2648.2003.02705.x

 121. Thammasitboon S, Thammasitboon S, Singhal G. Diagnosing diagnostic error. Curr Probl Pediatr Adolesc Health Care. (2013) 43:227–31. doi: 10.1016/j.cppeds.2013.07.002

 122. Baldwin RL, Green JW, Shaw JL, Simpson DD, Bird TM, Cleves MA, et al. Physician risk attitudes and hospitalization of infants with bronchiolitis. Acad Emergency Med. (2005) 12:142–6. doi: 10.1197/j.aem.2004.10.002

 123. Yee LM, Liu LY, Grobman WA. The relationship between obstetricians' cognitive and affective traits and their patients' delivery outcomes. Am J Obstetr Gynecol.(2014) 211:692.e1–6. doi: 10.1016/j.ajog.2014.06.003

 124. Källberg A-S, Göransson KE, Östergren J, Florin J, Ehrenberg A. Medical errors and complaints in emergency department care in Sweden as reported by care providers, healthcare staff, and patients—a national review. Europ J Emergency Med. (2013) 20:33–8. doi: 10.1097/MEJ.0b013e32834fe917

 125. Studdert DM, Mello MM, Gawande AA, Gandhi TK, Kachalia A, Yoon C, et al. Claims, errors, and compensation payments in medical malpractice litigation. New Engl J Med. (2006) 354:2024–33. doi: 10.1056/NEJMsa054479

 126. Zwaan L, Thijs A, Wagner C, van der Wal G, Timmermans DRM. Relating faults in diagnostic reasoning with diagnostic errors and patient harm. Acad Med. (2012) 87:149–56. doi: 10.1097/ACM.0b013e31823f71e6

 127. Lazarus RS, Folkman S. Stress, Appraisal, and Coping. San Francisco, CA: Department of Medicine, School of Medicine University of California (1984).

 128. Miller SM. Monitoring and blunting: validation of a questionnaire to assess styles of information seeking under threat. J Pers Soc Psychol. (1987) 52:345–53. doi: 10.1037/0022-3514.52.2.345

 129. Deldin PJ, Keller J, Gergen JA, Miller GA. Cognitive bias and emotion in neuropsychological models of depression. Cogn Emot. (2001) 15:787–802. doi: 10.1080/02699930143000248

 130. Andel C, Davidow SL, Hollander M, Moreno DA. The economics of health care quality and medical errors. J Health Care Finance. (2012) 39:39–50.

 131. Blackwell SE, Browning M, Mathews A, Pictet A, Welch J, Davies J, et al. Positive imagery-based cognitive bias modification as a web-based treatment tool for depressed adults: a randomized controlled trial. Clin Psychol Sci. (2015) 3:91–111. doi: 10.1177/2167702614560746

 132. Freeman D, Bradley J, Antley A, Bourke E, DeWeever N, Evans N, et al. Virtual reality in the treatment of persecutory delusions: randomised controlled experimental study testing how to reduce delusional conviction. Br J Psychiatry. (2016) 209:62–7. doi: 10.1192/bjp.bp.115.176438

 133. van Spijker BAJ, van Straten A, Kerkhof AJFM. Effectiveness of online self-help for suicidal thoughts: results of a randomised controlled trial. PLoS ONE. (2014) 9:e90118. doi: 10.1371/journal.pone.0090118

 134. Croskerry P. The importance of cognitive errors in diagnosis and strategies to minimize them. Acad Med. (2003) 78:775–80. doi: 10.1097/00001888-200308000-00003

 135. Michaels AD, Spinler SA, Leeper B, Ohman EM, Alexander KP, Newby LK, et al. Medication errors in acute cardiovascular and stroke patients: a scientific statement from the American Heart Association. Circulation. (2010) 121:1664–82. doi: 10.1161/CIR.0b013e3181d4b43e

 136. Agarwal R. Five Cognitive Biases in Data Science (and How to Avoid Them). Built In (2020). Available online at: https://builtin.com/data-science/cognitive-biases-data-science (accessed August 26, 2021).

 137. Caliskan A, Bryson JJ, Narayanan A. Semantics derived automatically from language corpora contain human-like biases. Science. (2017) 356:183–6. doi: 10.1126/science.aal4230

 138. Eubanks V. Automating Inequality: How High-tech Tools Profile, Police, and Punish the Poor. St Martin's Press (2018).

 139. Noble SU. Algorithms of Oppression: How Search Engines Reinforce Racism. New York, NY: New York University Press (2018). doi: 10.2307/j.ctt1pwt9w5

 140. O'Neil C. Weapons of Math Destruction: How Big Data Increases Inequality and Threatens Democracy. Crown (2016).

 141. Çalikli G, Bener AB. Influence of confirmation biases of developers on software quality: an empirical study. Software Qual J. (2013) 21:377–416. doi: 10.1007/s11219-012-9180-0

 142. Nelson GS. Bias in artificial intelligence. N C Med J. (2019) 80:220–2. doi: 10.18043/ncm.80.4.220

 143. Ntoutsi E, Fafalios P, Gadiraju U, Iosifidis V, Nejdl W, Vidal ME, et al. Bias in data-driven artificial intelligence systems—an introductory survey. Wiley Interdisciplin Rev. (2020) 10:e1356. doi: 10.1002/widm.1356

 144. Cabitza F, Rasoini R, Gensini GF. Unintended consequences of machine learning in medicine. JAMA. (2017) 318:517–8. doi: 10.1001/jama.2017.7797

 145. Char DS, Shah NH, Magnus D. Implementing machine learning in health care—addressing ethical challenges. N Engl J Med. (2018) 378:981–3. doi: 10.1056/NEJMp1714229

 146. Arpey NC, Gaglioti AH, Rosenbaum ME. How socioeconomic status affects patient perceptions of health care: a qualitative study. J Prim Care Community Health. (2017) 8:169–75. doi: 10.1177/2150131917697439

 147. Ng JH, Ye F, Ward LM, Haffer SCC, Scholle SH. Data on race, ethnicity, and language largely incomplete for managed care plan members. Health Affairs. (2017) 36:548–52. doi: 10.1377/hlthaff.2016.1044

 148. Rauscher GH, Khan JA, Berbaum ML, Conant EF. Potentially missed detection with screening mammography: does the quality of radiologist's interpretation vary by patient socioeconomic advantage/disadvantage? Ann Epidemiol. (2013) 23:210–4. doi: 10.1016/j.annepidem.2013.01.006

 149. Li S, Fonarow GC, Mukamal KJ, Liang L, Schulte PJ, Smith EE, et al. Sex and race/ethnicity-related disparities in care and outcomes after hospitalization for coronary artery disease among older adults. Circul Cardiovasc Qual Outcomes. (2016) 9(2 Suppl. 1):S36–44. doi: 10.1161/CIRCOUTCOMES.115.002621

 150. Grazzini J, Pantisano F. Guidelines for Scientific Evidence Provision for Policy Support Based on Big Data and Open Technologies (2015).

 151. Fayyad U, Piatetsky-Shapiro G, Smyth P. From data mining to knowledge discovery in databases. AI Magazine. (1996) 17:37.

 152. SAS Institute Inc. SAS Institute Whitepaper. “The 5 Essential Components of a Data Strategy. (2016).” Available online at: https://www.sas.com/content/dam/SAS/en_au/doc/whitepaper1/five-essential-components-data-strategy.pdf (accessed August 26, 2021).

 153. Rahm E, Do HH. Data cleaning: problems and current approaches. IEEE Data Eng Bull. (2000) 23:3–13.

 154. Müller H, Freytag JC. Problems, methods, and challenges in comprehensive data cleansing. Humboldt-Univ. zu Berlin. (2005).

 155. Famili A, Shen WM, Weber R, Simoudis E. Data preprocessing and intelligent data analysis. Intelligent Data Analy. (1997) 1:3–23. doi: 10.3233/IDA-1997-1102

 156. Mittelstadt B, Floridi L. The Ethics of Biomedical Big Data. Vol. 29. Springer(2016). doi: 10.1007/978-3-319-33525-4

 157. Aledavood T, Triana Hoyos AM, Alakörkkö T, Kaski K, Saramäki J, Isometsä E, et al. Data collection for mental health studies through digital platforms: requirements and design of a prototype. JMIR Res Protoc. (2017) 6:e110. doi: 10.2196/resprot.6919

 158. Gopal K. Data Curation: The Processing of Data. IndianJournal.com. (2016).

 159. Furche T, Gottlob G, Libkin L, Orsi G, Paton NW. Data wrangling for big data: challenges and opportunities. EDBT. (2016) 16:473–8.

 160. Pyle D. Data Preparation for Data Mining. Morgan Kaufmann (1999).

 161. Alasadi SA, Bhaya WS. Review of data preprocessing techniques in data mining. J Eng Appl Sci. (2017) 12:4102–7. doi: 10.36478/jeasci.2017.4102.4107

 162. Bilalli B, Abelló A, Aluja-Banet T, Wrembel R. Intelligent assistance for data pre-processing. Computer Standards Interfaces. (2018) 57:101–9. doi: 10.1016/j.csi.2017.05.004

 163. Bzdok D, Altman N, Krzywinski M. Statistics versus machine learning. Nat Methods. (2018) 15:233–4. doi: 10.1038/nmeth.4642

 164. Tomar D, Agarwal S. A survey on Data Mining approaches for Healthcare. Int J Bio-Sci Bio-Technol. (2013) 5:241–66. doi: 10.14257/ijbsbt.2013.5.5.25

 165. Bishop C. Pattern Recognition and Machine Learning. Springer-Verlag (2006). Available online at: https://www.springer.com/gp/book/9780387310732 (accessed August 26, 2021).

 166. Husain W, Xin LK, Rashid NA, Jothi N. Predicting Generalized Anxiety Disorder among women using random forest approach. 2016 3rd International Conference on Computer and Information Sciences (ICCOINS). (2016). p. 37–42. doi: 10.1109/ICCOINS.2016.7783185

 167. Jothi N, Husain W, Rashid NA, Xin LK. Predicting generalised anxiety disorder among women using decision tree-based classification. Int J Business Informat Syst. (2018) 29:75–91. doi: 10.1504/IJBIS.2018.093998

 168. Jothi N, Husain W, Rashid NA. Predicting generalized anxiety disorder among women using Shapley value. J Infect Public Health. (2020) 14:103–8. doi: 10.1016/j.jiph.2020.02.042

 169. Yengil E, Acipayam C, Kokacya MH, Kurhan F, Oktay G, Ozer C. Anxiety, depression and quality of life in patients with beta thalassemia major and their caregivers. Int J Clin Exp Med. (2014) 7:2165–72.

 170. Goodman AA, Borkin MA, Robitaille TP. New thinking on, and with, data visualization. ArXiv. (2018).

 171. Bakker D, Kazantzis N, Rickwood D, Rickard N. Mental health smartphone apps: review and evidence-based recommendations for future developments. JMIR Mental Health. (2016) 3:e7. doi: 10.2196/mental.4984

 172. Marshall JM, Dunstan DA, Bartik W. The digital psychiatrist: in search of evidence-based apps for anxiety and depression. Front Psychiatry. (2019) 10:831. doi: 10.3389/fpsyt.2019.00831

 173. Craig P, Dieppe P, Macintyre S, Michie S, Nazareth I, Petticrew M. Developing and evaluating complex interventions: The new Medical Research Council guidance. BMJ. (2008) 337:a1655. doi: 10.1136/bmj.a1655

 174. Kennedy-Martin T, Curtis S, Faries D, Robinson S, Johnston J. A literature review on the representativeness of randomized controlled trial samples and implications for the external validity of trial results. Trials. (2015) 16:495. doi: 10.1186/s13063-015-1023-4

 175. Rothwell PM. External validity of randomised controlled trials: “to whom do the results of this trial apply?” Lancet. (2005) 365:82–93. doi: 10.1016/S0140-6736(04)17670-8

 176. Hoffmann TC, Glasziou PP, Boutron I, Milne R, Perera R, Moher D, et al. Better reporting of interventions: template for intervention description and replication (TIDieR) checklist and guide. BMJ. (2014) 348:g1687. doi: 10.1136/bmj.g1687

 177. Muris P, Roodenrijs D, Kelgtermans L, Sliwinski S, Berlage U, Baillieux H, et al. No Medication for My Child! A naturalistic study on the treatment preferences for and effects of cogmed working memory training versus psychostimulant medication in clinically referred youth with ADHD. Child Psychiatry Human Dev. (2018) 49:974–92. doi: 10.1007/s10578-018-0812-x

 178. Khadjesari Z, Stevenson F, Godfrey C, Murray E. Negotiating the ‘grey area between normal social drinking and being a smelly tramp': a qualitative study of people searching for help online to reduce their drinking. Health Expectat. (2015) 18:2011–20. doi: 10.1111/hex.12351

 179. Marewski JN, Gigerenzer G. Heuristic decision making in medicine. Dialogues Clin Neurosci. (2012) 14:77–89. doi: 10.31887/DCNS.2012.14.1/jmarewski

 180. Veltman KH. Syntactic and semantic interoperability: new approaches to knowledge and the semantic web. New Rev Informat Networking. (2001) 7:159–83. doi: 10.1080/13614570109516975

 181. Gordon WJ, Catalini C. Blockchain technology for healthcare: facilitating the transition to patient-driven interoperability. Comput Struct Biotechnol J. (2018) 16:224–30. doi: 10.1016/j.csbj.2018.06.003

 182. Gilpin LH, Bau D, Yuan BZ, Bajwa A, Specter M, Kagal L. Explaining explanations: an overview of interpretability of machine learning. In: 2018 IEEE 5th International Conference on Data Science and Advanced Analytics (DSAA). (2018). p. 80–9. doi: 10.1109/DSAA.2018.00018

 183. Angwin J, Larson J, Mattu S, Kirchner L. Machine Bias. ProPublica. (2016). Available online at: https://www.propublica.org/article/machine-bias-risk-assessments-in-criminal-sentencing

 184. Kaadoud IC, Rougier NP, Alexandre F. Knowledge extraction from the learning of sequences in a long short term memory (LSTM) architecture. ArXiv. (2019).

 185. Kim WC, Mauborgne R. Blue ocean leadership. Harvard Business Rev. (2014) 92:60–8, 70, 72 passim.

 186. Andersson G. The Internet and CBT: A Clinical Guide. CRC Press (2014). doi: 10.1201/b13645

 187. Lipton ZC. The mythos of model interpretability. arXiv. (2017).

 188. Guise J-M, Chang C, Viswanathan M, Glick S, Treadwell J, et al. Systematic Reviews of Complex Multicomponent Health Care Interventions. Agency for Healthcare Research and Quality (US) (2014). Available online at: http://www.ncbi.nlm.nih.gov/books/NBK194846/

 189. Arrieta AB, Díaz-Rodríguez N, Del Ser J, Bennetot A, Tabik S, Barbado A, et al. Explainable Artificial Intelligence (XAI): concepts, taxonomies, opportunities and challenges toward responsible AI. Informat Fusion. (2020) 58:82–115. doi: 10.1016/j.inffus.2019.12.012

 190. Kamishima T, Akaho S, Asoh H, Sakuma J. Fairness-aware classifier with prejudice remover regularizer. In Flach PA. De Bie T, Cristianini N, editors. Machine Learning and Knowledge Discovery in Databases. Springer(2012). p. 35–50. doi: 10.1007/978-3-642-33486-3_3

 191. Bourne KC. Chapter 19—your organization. In: Bourne KC, editor. Application Administrators Handbook. Morgan Kaufmann (2014). p. 329–43. doi: 10.1016/B978-0-12-398545-3.00019-4

 192. Rodiya K, Gill P. A review on anonymization techniques for privacy preserving data publishing. Int J Eng Res Technol. (2015) 4:228–231. doi: 10.15623/ijret.2015.0411039

 193. Kido T, Takadama K. The Challenges for Interpretable AI for Well-being -Understanding Cognitive Bias and Social Embeddedness. CEUR-WS 2448 (2019).

 194. Guidotti R, Monreale A, Ruggieri S, Turini F, Pedreschi D, Giannotti F. A survey of methods for explaining black box models. ArXiv. (2018). doi: 10.1145/3236009

 195. Wathelet M, Duhem S, Vaiva G, Baubet T, Habran E, Veerapa E, et al. Factors associated with mental health disorders among university students in France confined during the COVID-19 pandemic. JAMA Network Open. (2020) 3:e2025591. doi: 10.1001/jamanetworkopen.2020.25591

 196. Goals and Principles for Data Governance. Available online at: http://www.datagovernance.com/adg_data_governance_goals/

 197. Bengio Y, Courville A, Vincent P. Representation learning: a review and new perspectives. IEEE Trans Pattern Anal Mach Intell. (2013) 35:1798–828. doi: 10.1109/TPAMI.2013.50

 198. Alasadi SA, Bhaya WS. Review of data preprocessing techniques in data mining. J Eng Appl Sci. (2017) 12:4102–7.

 199. Nguyen A, Yosinski J, Clune J. Deep neural networks are easily fooled: High confidence predictions for unrecognizable images. 2015 IEEE Conference on Computer Vision and Pattern Recognition (CVPR). (2015). p. 427–36. doi: 10.1109/CVPR.2015.7298640

 200. Li W, Yang Y, Liu ZH, Zhao YJ, Zhang Q, Zhang L, et al. Progression of mental health services during the COVID-19 outbreak in China. Int J Biol Sci. (2020) 16:1732. doi: 10.7150/ijbs.45120

 201. Sebastian-Coleman L. Measuring Data Quality for Ongoing Improvement: A Data Quality Assessment Framework. Newnes. (2012). doi: 10.1016/B978-0-12-397033-6.00020-1

 202. Taylor J, Pagliari C. Comprehensive scoping review of health research using social media data. BMJ Open. (2018) 8:e022931. doi: 10.1136/bmjopen-2018-022931

 203. Selvi U, Pushpa S. A review of big data and anonymization algorithms. Int J Appl Eng Res. (2015) 10.

 204. Huckvale K, Prieto JT, Tilney M, Benghozi PJ, Car J. Unaddressed privacy risks in accredited health and wellness apps: a cross-sectional systematic assessment. BMC Med. (2015) 13:214. doi: 10.1186/s12916-015-0444-y

 205. Eysenbach Group C.-E. CONSORT-EHEALTH: improving and standardizing evaluation reports of web-based and mobile health interventions. J Med Internet Res. (2011) 13:e126. doi: 10.2196/jmir.1923

 206. Ayache S, Eyraud R, Goudian N. Explaining black boxes on sequential data using weighted automata. ArXiv. (2018).

 207. Ma H, Miller C. Trapped in a double bind: Chinese overseas student anxiety during the COVID-19 pandemic. Health Commun.(2020) 1–8. doi: 10.1080/10410236.2020.1775439

 208. Deshazo JP, Lavallie DL, Wolf FM. Publication trends in the medical informatics literature: 20 years of “Medical Informatics” in MeSH. BMC Med Inform Decis Mak. (2009) 9:7. doi: 10.1186/1472-6947-9-7

 209. Bucci S, Schwannauer M, Berry N. The digital revolution and its impact on mental health care. Psychol Psychotherap. (2019) 92:277–97. doi: 10.1111/papt.12222

Conflict of Interest: AD, AM, and ICK were employed by the company onepoint when the research was conducted.

The remaining author declares that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Publisher's Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2021 Boulos, Mendes, Delmas and Chraibi Kaadoud. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.












	
	METHODS
published: 17 November 2021
doi: 10.3389/fpsyt.2021.578298






[image: image2]

The Cambridge Cognitive and Psychiatric Assessment Kit (CamCOPS): A Secure Open-Source Client–Server System for Mobile Research and Clinical Data Capture

Rudolf N. Cardinal1,2*† and Martin Burchell1†


1Department of Psychiatry, University of Cambridge, Cambridge, United Kingdom

2Cambridgeshire and Peterborough NHS Foundation Trust, Liaison Psychiatry Service, Cambridge, United Kingdom

Edited by:
Martin J. Sliwinski, The Pennsylvania State University, United States

Reviewed by:
Soyong Eom, Yonsei University, South Korea
 Weidan Pu, Central South University, China

*Correspondence: Rudolf N. Cardinal, rnc1001@cam.ac.uk

†ORCID: Rudolf N. Cardinal orcid.org/0000-0002-8751-5167; Martin Burchell orcid.org/0000-0003-2447-8263

Specialty section: This article was submitted to Public Mental Health, a section of the journal Frontiers in Psychiatry

Received: 30 June 2020
 Accepted: 19 October 2021
 Published: 17 November 2021

Citation: Cardinal RN and Burchell M (2021) The Cambridge Cognitive and Psychiatric Assessment Kit (CamCOPS): A Secure Open-Source Client–Server System for Mobile Research and Clinical Data Capture. Front. Psychiatry 12:578298. doi: 10.3389/fpsyt.2021.578298



CamCOPS is a free, open-source client–server system for secure data capture in the domain of psychiatry, psychology, and the clinical neurosciences. The client is a cross-platform C++ application, suitable for mobile and offline (disconnected) use. It allows touchscreen data entry by subjects/patients, researchers/clinicians, or both together. It implements a large and extensible range of tasks, from simple questionnaires to complex animated tasks. The client uses encrypted data storage and sends data via an encrypted network connection to a CamCOPS server. Individual institutional users set up and run their own CamCOPS server, so no data is transferred outside the hosting institution's control. The server, written in Python, provides clinically oriented and research-oriented views of tasks, including the tracking of changes over time. It provides an audit trail, export facilities (such as to an institution's primary electronic health record system), and full structured data access subject to authorization. A single CamCOPS server can support multiple research/clinical groups, each having its own identity policy (e.g., fully identifiable for clinical use; de-identified/pseudonymised for research use). Intellectual property rules regarding third-party tasks vary and CamCOPS has several mechanisms to support compliance, including for tasks that may be permitted to some institutions but not others. CamCOPS supports task scheduling and home testing via a simplified user interface. We describe the software, report local information governance approvals within part of the UK National Health Service, and describe illustrative clinical and research uses.
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INTRODUCTION

There are strong potential advantages to the electronic capture of information relevant to cognitive and psychiatric assessment. Measurement-based care improves clinical outcomes (1). Some simple standardized scales are in widespread clinical use, such as for affective disorders or cognitive examination [e.g., (2, 3)], but if the information is captured using pen and paper then its subsequent clinical accessibility and/or availability for research is limited, and tasks must be scored by hand, taking time and introducing the potential for error. More complex computerized tasks are being translated from research to clinical use [e.g., (4)], but the clinical application of such animated tasks can be limited by practical considerations such as availability. Clinical and research assessments involve the documentation of a considerable quantity of information. Whether in a research or a clinical environment, and whether in an environment using paper-based or electronic health records (EHRs), there are incentives to capture such information electronically and in a standardized and structured fashion (5, 6). These incentives include a potential reduction in the effort of data capture; the ability to reproduce information accurately, legibly, and fast; the ability to appreciate trends over time; and the ability to analyse data for research or administrative purposes later. Information entered directly by patients can be used for screening and other purposes [e.g., (7)]. Rapid electronic systems can also capture information on outcomes that may not otherwise be measured routinely, such as quality of life indicators, used as the basis of many health economic measurements (8).

However, software for this purpose must overcome several potential pitfalls. First, for an application to enter widespread clinical use, it should save clinicians time, or at least place minimal time burden on clinicians. It should be quick to use and available at the bedside, in the clinic, or wherever a clinical or research encounter may take place. Second, users or institutions may be deterred from using software that is proprietary or closed-source (9–12), expensive, or that comes with practical restrictions on the use of raw data. Third, data capture systems are easy to write but harder to secure. There are considerable information security problems that would prohibit many simple applications from being used within a secure environment, as in a clinical context. For example, applications are likely to fall foul of UK National Health Service (NHS) information governance principles if they allow one patient to see another's data; transmit patient-identifiable data (PID) over an insecure e-mail network or via an unencrypted network link; use inappropriate cryptographic algorithms; fail to prevent unencrypted PID being backed up automatically from a tablet to commercial “cloud” storage; or use servers hosted on insecure or third-party computers, including those in prohibited jurisdictions (13–18).

We describe a novel client–server software package, the Cambridge Cognitive and Psychiatric Assessment Kit (CamCOPS), which attempts to address these problems. It incorporates a number of common and freely available tasks, and can serve as a basis for the addition of further arbitrary tasks in the future. It is an open-source cross-platform system that uses touchscreen tablet devices or desktop/laptop computers for data capture. Instances of the client application (“app”) send their information securely to a central server, owned and controlled by the operating institution. The server provides a “front end” for convenient use by clinicians and researchers, with additional “back-end” facilities to support subsequent research analysis and system interoperability. CamCOPS offers many well-known questionnaires and some more advanced (e.g., animated) tests relevant to cognitive and psychiatric assessment, plus structured and unstructured clinical record-keeping facilities. Data capture can be performed with the app offline, so the system can be used in places with no network reception, such as on domiciliary visits or in unusual radiofrequency environments. The system is compatible with UK NHS information security standards, though compliance with those standards requires other institutional practices as well. As the system is free and open source, we suggest it is suitable for others to use and extend.



DESIGN AND FACILITIES FROM A USER'S PERSPECTIVE


Client–Server Architecture

Data collection and storage is organized around a client–server model (Figure 1). Tablet devices or desktop/laptop computers running the CamCOPS app act as one type of client. A clinician/researcher, a patient/subject, or both together can interact with the device to capture information. Upon request, the app then sends these data securely to the server, located within the host institution. The other main type of client is a clinician/researcher using a web browser or other interface to retrieve information from the server. Strict controls, described below, govern the exchange of data between clients and the server.


[image: Figure 1]
FIGURE 1. Overview of the CamCOPS data capture system. (A) Data capture to the mobile app. (B) Subsequent data flow from the mobile device to the institution's CamCOPS server, and thence to individuals viewing or analysing the data, and/or electronic and (if required) paper clinical records.




Subject Identification

The software system is designed to cope with clinical environments that use fully identifiable patient information, and with research environments in which participants are assigned a pseudonym or code and an individual's identity is not obtainable without additional information (the pseudonym-to-identity mapping) stored securely elsewhere. The flexibility to operate in both these environments is achieved by defining the meaning of multiple identification (ID) numbers and specifying the minimum and/or maximum information permitted.

The system defines the following subject identity fields, not all of which need to be used: forename, surname, date of birth, sex/gender (M/F/X) (19), and an arbitrary number of ID number types (e.g., national ID number, hospital ID number, study ID number), plus optional address, e-mail, general practitioner, and “other” details for convenience. The administrator defines the meaning of each of the ID number types. CamCOPS supports data verification for some specific ID number types, such as NHS numbers, which incorporate a checksum.

CamCOPS supports two types of ID policy: an upload policy and a finalizing policy. The upload policy defines the identity information required for the client app to send data to the server. The finalizing policy defines the identity information required for the app to move data to the server, allowing erasure from the client device (with permanent storage on the server). This two-stage process allows data to be entered for new subjects before that subject is registered on a host institution's systems. Two examples may serve to clarify.

In a research environment using pseudonyms, the administrator might define the meaning of “ID number type 1” to be “Research ID.” The upload policy might be “sex AND idnum1”. The finalizing policy might be identical. Therefore, the system would accept uploads only if the researcher had entered a subject's sex/gender and research ID number (as defined by the institution or individual research study concerned), but would not require any other information. Indeed, other information might be prohibited, such as “sex AND idnum1 AND NOT (forename OR surname OR dob)”.

In a complex clinical environment using fully identifiable records, such as a mental health Trust that operates its own patient numbering scheme but also provides urgent on-call services to several hospitals in its region, the administrator might define “idnum1” to mean “Hospital A number,” “idnum2” to mean “Hospital B number,” “idnum3” to mean “NHS number,” and so on. Suppose Hospital A is the provider institution. The upload policy might be “forename AND surname AND dob AND sex AND (idnum1 OR idnum2 OR idnum3)”, and the finalizing policy might be “forename AND surname AND dob AND sex AND idnum1”. This would mean a clinician could enter patient details in Hospital B, using Hospital B's number, without yet knowing the number used by their core institution (Hospital A). The system would require a full name, date of birth, sex/gender, and at least one ID number. At that early stage, the clinician could upload the data, and store a properly identified electronic copy in Hospital B's electronic or paper records. On return to their base in Hospital A, the clinician could look up the patient's number in Hospital A's system or register a new patient, and complete the record by filling in the Hospital A number (idnum1). At this point the software would allow the record to be re-uploaded and deleted from the tablet.



Using the CamCOPS Client Application to Capture Data

The starting point of the client app is shown in Figure 2. To capture data, the clinician/researcher usually begins by selecting a subject, recording the subject's details according to the identification policies in place. The operator then selects a task and creates a new task instance [current available tasks are listed at (20)]. The task will then run. Typical tasks appear as single-page or multiple-page questionnaires, or animated tasks (Figure 3). They range from very simple tasks, such as the Patient Health Questionnaire-9 [PHQ-9; (2)], through tasks with more complex logic, such as the Clinical Interview Schedule—Revised [CISR; (21, 22)], and those with a more complex interface, such as the Addenbrooke's Cognitive Examination—III [ACE-III; (3)], to complex animated tasks such as a three-dimensional intradimensional/extradimensional set-shifting task (23).


[image: Figure 2]
FIGURE 2. The main menu of the CamCOPS app.
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FIGURE 3. Task examples. (A) The PHQ-9 task, a simple questionnaire. Yellow is used to highlight mandatory fields that are not yet complete. (B) A simple graphical task: a quality-of-life standard gamble. (C) The PDF automatically generated by the server for the task in (A) after it was subsequently completed. (D) A server view of a task capturing text from an initial psychiatric assessment. All data are entirely fictional. CMV, cytomegalovirus; GMC, UK General Medical Council; HDU, high dependency unit; NKDA, no known drug allergies; OLT, orthotopic liver transplant; PE, pulmonary embolism.


Questionnaire-style tasks have a consistent user interface, indicating mandatory/optional data items and permitting progression when mandatory information has been provided. The questionnaire user interface is consistent across platforms (operating systems, OSs). User customization of the interface is limited but includes font sizing for accessibility and language selection (discussed further below).

Some tasks are intrinsically anonymous, in which case they are not associated with any subject information at any stage, visibly or invisibly.

Tasks may collect information from the patient/subject alone, the clinician/researcher alone, or both together. Questionnaire-style tasks provide consistent colour-based visual cues as to the respondent. Tasks that involve the clinician's/researcher's judgement also record the details of the clinician/researcher conducting the assessment. These details may be pre-configured by the operator in advance so they are automatically entered, but may be edited, for example when a tablet-wielding clinician needs to document an assessment conducted by a more senior clinician. Some OSs (e.g., iOS, Android) are not designed for multi-user use, and the CamCOPS client does not offer specific multi-user facilities, but it stores per-user data when running under multi-user OSs.

CamCOPS also supports multimedia facilities in direct and indirect ways. Sound is used in some tasks, and the app can use the device's camera to capture photographs (such as of handwriting or other paper notes). In addition, text fields in CamCOPS can accept input from voice-recognition dictation systems supported by the OS.

The operating mode described above is oriented towards interactive use by a clinician/researcher and patient/subject together or consecutively (“clinician mode”). In addition, CamCOPS also supports a “single user” mode. This is intended for patients/subjects to complete tasks by themselves, for example at home in advance of a clinic appointment or between appointments, or as part of an ongoing research study. To use this mode, the clinical or research team defines one or more task schedules on the server (such as a weekly PHQ-9 for 6 weeks), and registers the subjects. The subjects download the CamCOPS app and enter the server's URL (uniform resource locator) with an identification/security code. The app is presented via a highly simplified user interface, and will then offer tasks to the subject automatically according to the defined schedule(s), moving data to the server whenever a task is completed.



Viewing Completed Tasks

Once complete, tasks may be viewed on the client device (e.g., tablet) or the server. Tasks are visible on the tablet until they are moved off it (typically at the point of upload to the server) and are visible to authorized users on the server as soon as they have been uploaded, and indefinitely thereafter.

In the client app, tasks display summary details, such as the total score from a questionnaire, and often also a read-only facsimile of the full task, as seen by the subject or clinician during the task. The facsimile view is provided automatically for all questionnaire-style tasks.

On the server, tasks provide an HTML (hypertext markup language) view, optimized for browsing speed, or a PDF (Portable Document Format) view, optimized for printing (Figure 3). Both show the raw captured data, plus summary information calculated automatically. The PDF view adds subject identification information to all pages, making them suitable for printing and direct use in paper-based clinical environments, and provides space for an authenticating physical signature where tasks have been conducted by clinicians (as opposed to tasks that are entirely self-rated by subjects).

The user may filter tasks by subject, date, task type, and so on, but may also search also by free-text content; thus, for example, all task instances containing the word “overdose” can be searched for, whether those “tasks” relate to initial psychiatric assessment, a progress note, or a comment made by a participant in a research questionnaire.

The server also provides a summary view oriented towards text, and another oriented towards numerical data (Figure 4), both available in HTML and PDF format. The clinical text view shows all tasks for a given subject, optionally constrained by date, and shows key text from each task (e.g., summary scores for cognitive assessments or mood questionnaires, or all text for clinical assessments and progress notes), with hyperlinks to the full tasks for further detail. The numerical trackers show trends in numerical information over time in graphical format (such as for mood disorder questionnaire summary scores, or body mass index [BMI]).


[image: Figure 4]
FIGURE 4. Some multi-task views provided by the server. (A) Clinical text view. (B) Numerical tracker view. All data are fictional. CMV, cytomegalovirus; HDU, high dependency unit; OLT, orthotopic liver transplant; PE, pulmonary embolism.




Task Information

The online documentation (20) includes help pages for all CamCOPS tasks, hyperlinked to from the app itself. The help pages include details of each task's history and provenance, with links to key studies such as on the task's validity and reliability, where applicable. It remains for end-user clinicians/researchers to establish the applicability of a particular task to a given subject/patient in their context.



Internationalization

Text used by the client and server software is internationalized, supporting arbitrary languages (with current text for English and Danish), and the task framework supports internationalization of individual tasks. Where tasks supported by CamCOPS have been translated and that translation validated, the framework permits the translated versions to be selected automatically. Users choose their preferred language dynamically.



Interfaces for Research

While clinicians typically focus on a single patient at a time, researchers typically analyse data from multiple subjects together. The CamCOPS server allows suitably authorized users to download data in bulk, for exporting to other databases or manipulation in spreadsheets or statistical software. Download formats include Microsoft Excel (XLSX), OpenOffice/LibreOffice (ODS open document spreadsheet format), tab-separated values (TSV), R script (24) (though R can also read a number of other structured formats exported by CamCOPS), textual SQL (structured query language), and binary SQLite format (25). In addition, users can view raw and calculated data in structured XML (extensible markup language) format. Administrators may export data in bulk, including via formats suitable for third-party anonymisation tools (26).

Following the DRY (“don't repeat yourself”) principle of software engineering (27), CamCOPS stores raw data, not calculated data. For example, PHQ-9 information is stored as a set of answers to each of the 10 questions; the summary scores are not stored but are calculated “live” upon request. BMI information is stored as height and mass, and so on. The method of calculation of summary scores is specific to each task. To simplify research and to reduce errors caused by researchers having to calculate summary scores, CamCOPS calculates these. The system offers a basic research data dump oriented towards convenience, in which most tasks provide a single spreadsheet-style page. This has one row per task instance, including includes raw data, summary scores (calculated at the moment of request), and subject identifiers together.

The CamCOPS server is an interface to a relational database with a well-defined structure. It is conceivable—but in our view highly unlikely—that institutions would wish to give users direct access to this database (which would circumvent standard security controls). However, for full access to relevant raw data, CamCOPS allows authorized users to download a relational database containing data of interest to and permitted to them, as well as downloading structured data directly to statistical packages such as R (24) (Figure 5). Relational database export is more powerful but more complex for users. Summary scores are also provided automatically in this situation, by calculating them as the download is created.
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FIGURE 5. Some research-oriented methods of data access. (A) Structured data in a relational database downloaded from CamCOPS. An SQLite database (25) is shown in SQLiteStudio (28). (B) Data downloaded and imported directly into R (24), shown inside RStudio (29). All data are fictional.




Group System

A given institution may need to capture data in several different contexts. For example, it might provide a number of clinical services. Staff in those services might want to analyse their service's data in isolation but also see data for their patients that has been collected by other clinical services. Simultaneously, the institution might support clinical research using identifiable data. Researchers might typically be allowed to see only the data collected for their subjects as part of their study (while, simultaneously, clinicians looking after those patients might want to see any clinically relevant data, collected as part of the research or otherwise). Finally, the institution might support research using pseudonymised data.

CamCOPS supports these usage scenarios simultaneously via groups. A group might represent, for example, a clinical service or a specific research study. Users belong to one or more groups, and upload data into a specific group at any one time. A group has its own set of ID policies (as above), and may, as a whole, be permitted to see data from specific other groups. Thus, for example, a clinical group might use fully identifiable data according to a certain identification standard, while a research group may use a study-specific pseudonym and prohibit direct identifiers. A researcher might belong to one or more research study groups, and only be permitted to see data collected within them. A different clinical research group might use an ID number type in common with clinical services, and the system can be configured to allow clinicians to see data from all clinical services plus “research” data for the same patients, without researchers being able to see “clinical” data.

While is also possible to run multiple instances of the CamCOPS server, the group system is intended to make this unnecessary for most purposes.



Export Facilities

Individual users may wish to download different subsets of data in various formats (as above), but it may also be desirable to export data systematically from the server. A prototypical example would be the need to copy clinically relevant data to an institution's primary EHR system. CamCOPS supports export in different formats (including PDF, HTML, and XML) and via different transmission methods [including via HL7 (30), e-mail, and file-based export]. Exports can be scheduled and/or triggered by the arrival of a task on the server. CamCOPS also supports direct export to relational databases, and to REDCap (31) via an open-source interface (32). We are also seeking to improve integration with other EHR systems, via standard information exchange methods such as FHIR (33).



Other Administrative Operations

Subject to permission, users can run reports on the server. These include activity reports and search tools. Group administrators can manage users within their groups, and superusers have full control over the whole system.

To assist compliance with NHS records management procedures (34–37), specific records can be erased of content or deleted entirely by privileged users. All records for a given patient can be deleted entirely, as might be required after a certain number of years have elapsed, or in a research context if a subject withdraws consent. Records can be annotated manually by users with annotation authority (for example, to indicate an error or that the patient disputes its contents) and patient details can be corrected (for example, if a name was misspelled).




IMPLEMENTATION


Software Platforms

The client app is written in C++ (38) using the open-source Qt cross-platform framework (39). CamCOPS has been used on Android devices, iOS devices (e.g., Apple iPad), Windows tablets, and conventional desktop computers (Windows, Linux, macOS). Application data is stored in an encrypted database using SQLCipher (40), based on SQLite (25). Cryptography is provided by OpenSSL (41), developed from SSLeay (42).

The CamCOPS server is cross-platform software written in Python (43). It is supplied with HTTP (hypertext transfer protocol) servers including CherryPy (44) and Gunicorn (45), which may be used directly or via a more sophisticated web server such as the Apache HTTP Server (46). It is normally run under Linux (47) (tested with Ubuntu/Debian and CentOS). CamCOPS typically uses the open-source MySQL/MariaDB database (48, 49) but supports others via SQLAlchemy (50). A Docker Compose containerized application is provided for consistency and ease of installation (51).



Distribution

Documentation is online (20). The source code and some binaries are available from GitHub (52). The Android client app is available via the Android Google Play Store, and the iOS version via the Apple App Store. Apple prohibits public distribution, by other routes, of applications that can be installed on arbitrary iOS devices (53).



Data Storage and Synchronization

CamCOPS stores its data using standard relational database mechanisms (54). A simple format is used, with a table to record subject details, a linked table to record ID numbers, and one or more tables for each task, linked to the subject table except in the case of anonymous tasks. The app records the time of last modification for all records. Tasks also record their creation time, the time the task was first exited, and whether the task was completed or aborted at that time. This allows measurement of the time it takes to complete a task. Dates and times captured by tasks are stored in ISO-8601 format, with time zone information and arbitrary temporal precision (by default accurate to 1 ms to allow reaction time recording). Binary large objects (BLOBs) such as images are stored in the database; this is not definitively better or worse than storage in a filesystem (with the database holding a reference to the file), but storage in the database has the advantage of being easily ACID (atomicity, consistency, isolation, durability) compliant.

Subject identification is one area where CamCOPS departs from the DRY principle (27). The CamCOPS server maintains copies of each device's patient identification records, as of the moment of each upload. It does so because repetition is a key safety feature to ensure correct patient identification in clinical environments, and because the use of additional non-unique identifiers is important for clinical safety. For example, if clinical records only had NHS numbers on them, they would be technically correct but clinically useless, because clinicians think of patients by their name. CamCOPS does not fetch other details; for example, when given an ID number, it does not fetch a patient's forename/surname from a national or institutional database. Therefore, users need to enter this information. Of course, several CamCOPS users can enter data about the same patient on different devices, and it is possible for users to enter incorrect name/number combinations or to misspell names. The appropriate logical mechanism to link multiple records about the same patient is defined by the host institution, but is typically by the use of a single standardized institutional or national ID number. When the CamCOPS server interface combines records, linking them by the desired method (e.g., institutional ID number), it warns the user prominently if any records contain incompatible information (e.g., misspelled names or non-matching dates of birth). Suitably authorized users can correct mistakes (e.g., misspelled names) on the server, once records have been finalized to the server. CamCOPS contains framework code to support validation of subject identity at the point of upload (e.g., against an institutional database), but this has not been used concretely yet.

No history information is stored in the client app's database, but history information is added by the server. Servers distinguish records from different client devices using a unique device identifier. The server also marks uploaded records with a Boolean “current” flag. When a record is re-uploaded, the old record is marked as no longer current, linked to its successor, and its time of removal and removing user recorded, while the new record is marked current, linked to its predecessor, and its time of addition and adding user recorded. This allows a modification history to be followed, and permits linking of contemporaneous information across multiple tables.

The client app can copy data to the server, but may also move data by uploading it, wiping it from local storage, and starting afresh. A “move” may be accomplished for individual anonymous tasks, for all tasks associated with a particular subject or subjects, or for all data on the device. Optionally, basic subject identifiers can be preserved on the device to speed the entry of subsequent data for the same subject. The server manages this “move or copy” capability by adding a further “era” field, which is either the string literal “NOW” (for records still present on the device) or the date/time that the data was uploaded and wiped from the device. Using these mechanisms, which allow the server to store multiple snapshots of a device's state over time, records can be wiped from the device yet remain available on the server, or be modified and “overwritten” on the server, leaving a historical trail of modifications available for inspection.

Uploads are accomplished as atomic transactions; that is, they succeed in their entirety or fail as a whole. This preserves the relational structure of the database in the face of unexpected network disruption.



Hardware Platforms and Costs

CamCOPS has been used on tablets, touchscreen laptops, and conventional laptop/desktop computers. In practice, we have found that hardware keyboards (e.g., Bluetooth keyboards for tablets) are essential for any form of data capture that uses text extensively, such as clinical note-taking, because on-screen keyboards are slow to operate. The choice of tablet may depend on price, on the form of network connectivity desired (e.g., Wi-Fi only vs. Wi-Fi plus 3G/4G cellular data), and on the software distribution model desired. For example, Android tablets can install software from the Google Play Store, but can also install software downloaded from arbitrary web sites. Thus, an institution could download the CamCOPS code, modify it for its own purposes, compile it using the open-source development tools, and distribute it on its own internal or public-facing web site. In contrast, distribution to iPad devices is only permissible via the Apple App Store or via internal distribution by organizations or individuals who pay for the Apple iOS Developer Program (53, 55).

CamCOPS is free of charge, but the system as a whole requires some infrastructure. In a university research environment, a simple server installation requires only a single Linux physical server or virtual machine with a network connection, plus a transport layer security (TLS)/secure sockets layer (SSL) X.509 certificate (“SSL certificate”) for secure HTTP (HTTPS). In a UK NHS clinical research environment, such a server may need to operate within a secure network, and there may be additional costs for virtual private network (VPN) access to that network from outside. The main additional cost is for client devices, which vary according to user preference (e.g., Android tablet; iPad; Windows tablet; touchscreen laptop). The client devices must be able to communicate with the server (e.g., via a wired connection, Wi-Fi, or 3G/4G cellular data).



Performance

The server is optimized for performance using multithreading or multiprocessing and caching systems. The basic overhead of the scripts is very low: a server with an Intel dual-core 3 GHz processor and solid-state disks took 3 ± 1 ms (mean ± standard deviation) to process an HTTP transaction, retrieve and validate session information from the database, and return the main menu (n = 100). Retrieving a PHQ-9 task in HTML format took 9.5 ± 1.9 ms (n = 100), including the time taken to audit the request. Registration of a mobile device took 10.6 ± 0.4 ms (n = 100) including approximately 6 ms for password cryptography, which is deliberately slow in the bcrypt system (56). Performance in practice depends also on the underlying database and hardware; MySQL offers the option to trade full ACID compliance for performance via the innodb_flush_log_at_trx_commit option (48), set for speed during the benchmarks given above. The client is similarly optimized for performance, including the use of a multithreaded database handler so that encryption does not slow the user interface.



Writing New Tasks

CamCOPS has >120 tasks and more are regularly added. Many psychiatric assessment scales use a questionnaire style, with multiple-choice fields, yes/no fields, free text, and other common input elements. Other tasks may require significant programming, such as cognitive assessment tasks that present stimuli and measure responses in a time-sensitive or complex way. The CamCOPS platform supports arbitrary tasks by providing a questionnaire-style interface, a tabula rasa allowing graphical and arbitrarily complex tasks, or a combination of the two.

Free-form tasks use C++/Qt code to create tasks of arbitrary complexity including visual animations and auditory stimuli. Questionnaire-style tasks use a simpler standardized interface. Questionnaires are built from combinations of elements, including:

• static text, images, lines, and spacing;

• an audio player;

• Boolean fields (NULL/false/true) with associated text or an image;

• a button, capable of executing arbitrary code;

• a canvas for sketching, which can display a background image;

• a countdown, to assist clinicians in timed tasks;

• date, time, and date/time pickers;

• a diagnostic code element, usable with any hierarchical diagnostic code system such as ICD-9-CM (compatible with DSM-IV-TR) or ICD-10 (57, 58);

• multiple-choice (1-from-n) questions (MCQs), in a variety of common layouts;

• multiple-response (k-from-n) questions;

• photographs, taken using the mobile device's camera, also useful for photocopying paper records;

• inline and pop-up pickers (an alternative 1-from-n representation);

• discrete and continuous scales represented by sliders;

• a thermometer-style scale;

• fields accepting typed input, with validation for textual or numerical fields;

• containers for laying out other elements.

The software is designed to be extensible. Adding a new questionnaire-style task presently requires (1) a C++ header/source file for the client app, specifying the task's structures and content (see excerpt in Box 1); (2) addition of that task to the app's master task list and menu system; (3) addition of strings to a string file in any languages required; and (4) a Python file for the server, specifying the table structure and the HTML content that is automatically used to make the server's HTML and PDF views.


Box 1.

C++ code snippet illustrating the core of the implementation of a questionnaire-style task, the PHQ-9 (2), within the CamCOPS client app. This task uses some static text, a grid-style set of multiple-choice questions (MCQs) for questions 1–9 that all share a set of answers mapped to the data values 0–3, and a single MCQ for question 10. Calls to the xstring() function yield internationalized (language-/locale-specific) task strings; for example, xstring(“q1”) in the English locale evaluates to “1. Little interest or pleasure in doing things,” while xstring(“a3”) evaluates to “Nearly every day.” See Figure 3A for the resulting task.
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INTELLECTUAL PROPERTY MANAGEMENT

The intellectual property in the CamCOPS software must be distinguished from the intellectual property in tasks supported by the CamCOPS platform. The source code for CamCOPS is licensed under the open-source GNU General Public License v3+ (59). The same licence applies to tasks developed de novo by us as part of the CamCOPS project. CamCOPS also uses some third-party software libraries (e.g., for cryptography) with open-source licences. We took care to ensure that all other material potentially subject to others' copyright, such as text from tasks developed by others, is not included in the main CamCOPS source code. For example, the code developed by us to present and score a questionnaire is segregated from the text that makes up an individual questionnaire. Furthermore, we have taken care to ensure that all use of tasks within CamCOPS is permitted either by the copyright declarations published with the original versions of the tasks, or by explicit verification for each task. We have not included content for any task where we are aware of copyright restrictions incompatible with distribution under an open-source licence. CamCOPS supports tasks under the following copyright models, ordered from least to most restrictive.

1. CamCOPS includes a number of freely available tasks. For example, the Patient Health Questionnaire-9 (2) is published with an explicit declaration that it is in the public domain (60), while the copyright to the National Adult Reading Test (61) is held by its author, who kindly gave permission for its free use in perpetuity (62).

2. Some tasks are published with a copyright declaration allowing, for example, free non-commercial use and reproduction with appropriate attribution, but restricting commercial use [e.g., (63)]. CamCOPS includes user-completed fields indicating whether the software is being used for clinical, research, educational, and/or commercial use; each field can take the value “yes,” “no,” or “unknown.” It restricts some tasks on this basis, according to their published permissions. These tasks cannot then be used outside their copyright restrictions without explicit dishonesty by the user, in breach of the CamCOPS terms and conditions of use that all users must acknowledge, and of the tasks' licensing terms. However, it remains the user's responsibility to check that they are legally permitted to use each task, and to comply with any licensing terms.

3. Some tasks allow reproduction for institutions that have paid a license fee or undergone another registration process, but not otherwise. To cope with these, CamCOPS supports a method where the default task is only a data collection tool (as for type 4 below), with copyright-free placeholder strings such as “Question 1.” The institution may then choose to install an XML file containing the actual task text on their server instance(s). When the CamCOPS client app registers with the server, it downloads any strings specific to that institution. As these add-on XML files are not distributed with the CamCOPS itself (merely templates), the open-source licensing of CamCOPS does not conflict with the restricted licensing applicable to such tasks. Responsibility for any add-on files rests with the hosting institution, as does compliance with any licensing terms, including any training requirements.

4. In addition, we had a local need to capture information electronically for tasks that are distributed commercially and cannot be distributed under an open-source licence, such as the Beck Depression Inventory (64). For this situation, in an attempt to improve on the research method of typing data by hand into a spreadsheet, we developed “skeleton” questionnaires that refer to the original questions only as “Question 1,” “Question 2,” and so on. This method allows data to be recorded electronically without including elements subject to copyright, but makes the task implementation useless except to clinicians/researchers who can refer to their own licensed copy of the test.

We note that ascertaining copyright status can be difficult, particularly for older tasks. For example, the Edinburgh Postnatal Depression Scale was published with a notice saying “users may reproduce the scale without further permission providing they respect copyright by quoting the names of the authors, the title and the source of the paper in all reproduced copies” (65), but this instruction has been superseded by a different set of permissions that prohibit unrestricted electronic reproduction (66). In all instances, if we have inadvertently erred in our assessment of a task's copyright status or licensing permissions, we will remove it from CamCOPS with our apologies if we are alerted to the fact.



INFORMATION GOVERNANCE, SECURITY, AND AUDIT

The CamCOPS information governance and security model is multi-layered. It is not sufficient to have a “secure” mobile application; a hosting institution must implement other security measures.


Minimizing Patient-Identifiable Data Held on Mobile Devices

Assuming that identifiable information is used at all, there are two main methods by which the CamCOPS app minimizes the amount of patient-identifiable information held on a mobile device.

First, data exchange with the server is essentially one-way (upload, not download). Therefore, even if all the security measures (see below) were somehow circumvented, possession of a device implies possession of information about at most a few patients, created recently on that device. The app will not retrieve information created on other devices.

Second, its dominant method of uploading is to move data to the server, not to copy it. Users upload when they choose, and can be prompted whenever a new task is complete. When they upload, they are offered a three-way choice. (1) The “move” option moves details of all patients and their task data to the server, deleting that data irreversibly from the device. If some patients do not meet the server's finalizing criteria, as above, then the user cannot move data until this problem is fixed. (2) The “move, keeping patients” option moves all patients' task data, but it keeps the basic patient details, so the user can add more tasks for these patients later. (3) The “copy” option copies data to the server, though it still “moves” patients or anonymous tasks that the user has explicitly marked as “finished.”

Users are encouraged to move data whenever possible. However, the option to copy remains important, as in the multi-hospital example given above: when a patient has been entered using institution B's ID number, information must be uploaded and stored in institution B's records immediately, but institution A's number must later be added before that record can be finalized and moved to the server.



Device Security

Mobile device security is provided without the need for users to encrypt the entire device, since they might inadvertently fail to do so. All CamCOPS data is stored using the 256-bit form of the Advanced Encryption Standard (AES) cipher suite (AES-256) (67).

As a general security feature, not specifically related to or required by CamCOPS for its security, users may also choose to encrypt their devices using a strong password. Android devices allow on-device encryption (for Android version 3 and higher). This encrypts applications' data areas with a passcode (68, 69). Apple iPads and related iOS devices invoke encryption when a passcode is entered (70, 71). Both these platforms have “sandboxes” to prevent one application seeing another's data (71, 72). After device encryption is enabled, the tablet device will require a passcode every time it is turned on or re-activated after its screensaver has activated. Since a misplaced tablet will lock itself, lost or stolen tablets become useless to anyone except their owner. Other OSs provide similar functions.



Application Security

The CamCOPS app has three security modes when running in “clinician mode”: Locked, Unlocked, and Privileged. In the Locked mode, the app is locked to a single subject and can only view or add records pertaining to that subject, or anonymous tasks. This mode is designed for a clinician/researcher to hand the device to a subject. It takes a single touch to lock the app, but it takes a password to unlock it. In the Unlocked mode, all data may be viewed and edited. This mode is designed for use by clinicians/researchers. Privileged mode is designed for administrators' use. In Privileged mode, features such as the following are unlocked: configuring the link to a server, registering the device with a server, and (if the device permits) exporting the local database to an insecure storage area such as a removable secure digital (SD) card. (Despite the name, there is nothing intrinsically secure about an SD card.).

CamCOPS requires the app password to start, and to access the encrypted databases. Since data security is prioritized, there is no recovery method if this password is lost: the app would require re-installation, with loss of any data not yet uploaded.

In typical clinical use, an administrator might set up CamCOPS to point to the appropriate institutional server and then give clinicians the “unlock” password but not the privileged-mode password. This would not be impossible for an astute clinician to circumvent, by uninstalling and reinstalling the app, but the clinician is, after all, entrusted with the primary clinical information in any case. In practice, this extra level of security may help to prevent the clinician from misconfiguring the app by accident.

Internally, the app never sends patient-identifiable data to the device's system logging stream, except when authorized via a privileged-mode data dump, so a malicious user who plugs the device into a debugging computer, such as via a Universal Serial Bus (USB) cable, will not see patient-identifiable data that way. The CamCOPS app stores its stores its “unlock” and privileged-mode passwords using irreversible bcrypt hashes (56)—that is, the passwords themselves are never stored. Moreover, the database in which these hashes are stored is itself encrypted. The administrator may choose, following local institutional policy, whether the CamCOPS app stores the user's server password using reversible encryption or does not store it at all. Storage with encryption is more convenient but less secure, since the password would be potentially vulnerable to a skilled attacker in possession of the CamCOPS app password (and the device's unlock code, if enabled). Not storing the password is more secure, but requires the user to enter the password each time data is uploaded.



Network Link and Server Security

Communication between the client app and the server is secured as follows. The app's network link to the server is constrained to use HTTPS and therefore link encryption. The specific encryption used depends on the web server's configuration; typically, it would be configured to use TLS 1.2 with the AES cipher suite (73). By default, the app will insist on a validated SSL certificate, though this can be turned off by the administrator for low-security environments that use a self-signed (“snake oil”) SSL certificate.

Client application instances must register with a server. This serves several purposes. Firstly, the server does not want unauthorized devices uploading to it. Therefore, the server will only accept uploads from registered devices, and requires users to authenticate, with a username previously approved by an administrator for device registration, before accepting registration. Secondly, administrators will not want their clinicians or researchers to upload data to unauthorized servers. Registration is therefore a privileged-mode function. We envisage that in practice, device registration would be managed by an administrator for high-security environments. Thirdly, the server and the app should share a set of ID descriptions and upload/finalizing policies (see “Subject identification” above). The app reads the ID descriptions and policies from the server at registration, and re-checks these before commencing an upload.

The server requires username/password identification before it will accept an upload, and requires that the device be validly registered. Devices are distinguished by a unique device identifier (a long random number). The server accepts incoming data but will not provide unrelated data to the app. Therefore, even a hand-crafted app masquerading as an instance of CamCOPS and in possession of a valid username, password, and device ID cannot download sensitive data via the app–server link. The server will not add new fields or tables based on the claims of the uploading agent, and will not upload to reserved tables or fields. The server takes standard precautions against SQL injection (74).

Communication between users and the server via the web front end is secured as follows. The web front end is constrained to use HTTPS and therefore link encryption. This requires appropriate configuration of the web server hosting the CamCOPS installation, but is also ensured by CamCOPS through its session security methods. Access is governed by username/password pairs. The server stores all CamCOPS passwords using irreversible hashes (56); passwords themselves are not stored. The only session information stored on the client side is a HTTPS-only session cookie containing a server-generated session ID and token; the token is regenerated by the server at login to prevent session fixation (75). Sessions expire after a defined period of inactivity and cannot be transferred between client Internet Protocol (IP) addresses. Administrators configure a maximum password lifetime. The server will lock user accounts for increasing periods of time in response to multiple login failures. It will mimic normal login failure behaviour for non-existent usernames, including the time it would normally take for password cryptography, to prevent automated username discovery. Optionally, administrators may require multi-factor authentication, such as via e-mail, text message (short message service, SMS), or a third-party authenticator app (e.g., Google Authenticator).

Internally, the server must deal briefly with a clear-text database password, but encapsulates all such code with an error-trapping framework to prevent the password leaking, and promptly discards the password after connecting to its database.

Access to data via the server's web front end is governed by user-based and group-based permissions. Users themselves may have superuser status (which gives unrestricted access to data and administrative functions via the front end), or be “locked” to a single patient record (when that user belongs to a patient/subject for “single-patient” mode), or be a routine “staff” user. Users may be a member of one or more groups. At any time, one group is selected to receive data uploaded by that user. Groups were discussed above. Groups define patient/subject identification criteria (e.g., fully identifiable vs. pseudonymised) and intellectual property restrictions. Groups “own” subsets of data, but groups (and thus their members) can also be granted permission to view data from specific other groups. User–group associations (group memberships) are associated with a further set of permissions: to administer the group (e.g., manage users within that group), plus individual permissions to upload data, to register new client devices, to log in via the web front end, to view data for multiple subjects when no subject search criteria have been applied, to export data in bulk, to run reports, or to attach notes to uploaded tasks. These permissions provide fine-grained control over what users can see and do, but a security breach of a group administrator account, or even worse a superuser account, would permit large-scale access to CamCOPS data held on the server.

The server must also be secured in other ways that are outside the scope of the CamCOPS system itself but are nevertheless critical. Standard security considerations include limiting physical access to the server; preventing visibility on public networks (e.g., limiting visibility to internal institutional networks or via secure VPN access to them); configuring a firewall appropriately; limiting secure shell (SSH) access; ensuring that the web server does not offer CamCOPS data by any route other than via the CamCOPS web front end itself; ensuring that no inappropriate users have access to the back-end database systems stored on the server; ensuring that the server is backed up regularly; ensuring physical security of backups; and ensuring server availability (e.g., in the face of power failure) should this be required.



“Analytics” Security

It is commonplace amongst mobile applications to send information about application usage back to the application's creators. CamCOPS does not do this. No information is sent by the client app except to the chosen institutional server, and no information is exported by the server except as permitted or configured by the local administrator.



Black Hat's Options

It is important to ask of any potentially sensitive system: what would it take to steal its data? Several methods are possible for CamCOPS:

• Steal a device, the device's OS password, and its CamCOPS app password together. This would allow existing records, still on that device, to be viewed.

• Steal a device, the device's OS password, its CamCOPS app password, and its CamCOPS privileged-mode password together. This would allow records still on that device to be sent to a “dark” server of the attacker's choosing.

• Steal a user's CamCOPS server password, and a means of accessing the network on which the server is held. This would allow the attacker to view data on the server (subject to the permissions granted to that user). If the server is on the open Internet, the network security requirement is eliminated, emphasizing the importance of network security for sensitive data, as well as strong passwords. This is the route of attack requiring particular security focus, since a predominant route of data theft is via “social engineering” rather than technical methods (76, 77). This risk is mitigated by requiring multi-factor authentication (as above).

• Break into the server and gain direct access to its database. This emphasizes the importance of securing the server.

These methods of attack may appear plausible but should not be possible:

• Steal a device and the device's OS password, “root” the device to bypass factory default access restrictions, and access the tablet's CamCOPS SQLite database directly. This would yield only CamCOPS app databases encrypted with AES-256.

• Steal a tablet that has not been properly secured with a device (OS) password, or in other ways bypass the OS security. As before, without the CamCOPS password, this would yield only an AES-256-encrypted database.

• Steal a tablet and the tablet's OS password, download the open-source CamCOPS app, modify it, install it over the existing app without deleting the app data (bypassing any OS-specific digital signature checks on software installation), and attempt to use the modified app to export data. Since the CamCOPS app does not know the password used to encrypt a given user's data, this conveys no benefit to the attacker; the database remains encrypted.

Once a computer is stolen, it can be dismantled. One must therefore consider also the possibility of breaking the encryption. No practical method is known of breaking the AES algorithm used to encrypt tablet data. The US National Security Agency approves AES for US government information classified Secret (for AES-128 or higher) or Top Secret (for AES-192 or higher) (67) and the UK NHS approves it for clinical data (16). CamCOPS uses AES-256. To give a sense of scale, a brute-force attack on an n-bit key takes a mean of 0.5 × 2n + 0.5 cycles; therefore, a 256-bit key would take approximately 1.83 × 1059 years to discover by this method with a 10 GHz attack frequency. The universe is 1.38 × 1010 years old.



Other Means of Ensuring Security of Patient-Identifiable Data

If a mobile device or other computer can “see” data on a remote server, then those data can be captured, even if by the simple expedient of saving a screenshot or taking a photograph of the device. This applies to any computer program, not just CamCOPS. Therefore, technical constraints are insufficient: users must be prohibited by cultural (institutional and/or legal) constraints from saving or storing patient-identifiable information on mobile devices in non-permitted ways. Similarly, users must be encouraged to look after their computer devices carefully, locking them when not in active use.



Audit Trails

Client-side audit trails are minimal, but the app time-stamps all tasks at their creation, and time-stamps the last modification to any record, as well as collecting information relevant to the time it takes to complete each task. In contrast, there is significant audit logging on the server. The CamCOPS server maintains a number of task-specific tables. To each record, the server adds fields allowing an audit trail. When a record is modified or deleted, the old versions are kept. The server's tables therefore contain a snapshot of each device's current state, and a complete audit trail, whose granularity is the frequency of uploads from a particular device. Access requests to the server via the web interface are also audited and logged, as are command-line CamCOPS operations by administrators.



Security Against Data Loss

Crashes in the CamCOPS app should not (and in our experience during development, do not) affect data integrity, because the SQLite back-end, with perhaps 500 million deployments worldwide (78), is designed to cope with this (79, 80). Additionally, only a small quantity of data is ever stored on the device, since data is regularly moved to the server, so the vulnerability to data loss from a device or app fault is in any case small. When the app upload its data, the process is atomic, meaning that the transaction either succeeds as a whole or fails as a whole, and does not leave the databases in a “halfway” state. Data on the server is typically stored using the well-established MySQL/MariaDB database system (48, 49).

Data loss remains possible. Reasons for this may include factors outside the CamCOPS system, such as a server environment that is insufficiently robust to cope with power loss or disaster. An amateurish example would be a server without an uninterruptible power supply (UPS). An example of server failure in an NHS high-availability environment was the Buncefield oil depot explosion on 11 December 2005, which temporarily disabled some laboratory computer systems used by our local acute hospital because a major computing provider was located near that depot.

As with any software system (81), it is also possible that the CamCOPS system might contain undiscovered bugs and therefore lose data. During development, in addition to human testing, several other steps are taken to minimize this possibility. CamCOPS includes an automated unit testing framework. We use a continuous integration (CI) service to run the automated tests every time the server code is changed, thus checking for software regressions, and the CI service also checks against a database of any reported security vulnerabilities in the Python packages used. For the client app, C++ compilation automatically detects some categories of error (82). We have a process of peer review for substantial code changes. In day-to-day operation, the server verifies that task information is complete, and valid (i.e., that all field values are permitted for that task), or warns the user accordingly. It also catches any potential internal errors to ensure that all transactions end in a database commit or a database rollback, meaning that any crashes that might occur within the server do not corrupt data or leave database locks held and block other processes.

However, CamCOPS is not presently accredited to NHS Interoperability Toolkit (ITK) standards or certified as a primary part of a clinical record. Therefore, a core requirement of data security would be to ensure that any information of sufficient importance be copied (e.g., in fully structured or PDF format) promptly from CamCOPS to a certified information storage system, such as an institution's primary EHR. To enable automatic copying of CamCOPS data into a certified information storage system, CamCOPS provides automatic export facilities (as above).



Security and Risk Comparate

One matter that is easily overlooked in discussions of technical security measures is the relative security or risk of an electronic approach compared to its alternatives, which are often far from risk-free. In areas with no Internet connectivity, the alternative to storing patient-identifiable data on a mobile device is usually to write it down. Paper-based methods can be less secure than their electronic equivalents (83). In addition, manual scoring of cognitive assessment scales is vulnerable to assessor cognitive error (84–86) and this in itself represents a degree of clinical risk. Paper-based methods can also limit clinical information transfer, if handwriting is unclear or becomes unclear through photocopying or faxing, or if the time required to copy or summarize information means that only a subset of information is transferred.



Legacy Security

Legacy security refers to the possibility that changes in hardware or software render old data inaccessible or unusable, such as when software applications refuse to start after expiry of a licence period. The CamCOPS code is open source, so can be installed, modified, and used freely by anyone, and should only include tasks/questionnaires that are in the public domain or where permission exists to use the task in perpetuity. As a last resort there is a clear procedure should the legal position on a task ever change, allowing removal of disputed content but preservation of all data: namely to remove or replace disallowed text and/or media from the app's and the server's resource files, leaving the code intact. This would result in a stripped-down data capture task and the ability to display and manipulate old data, as described above. Third-party code and development tools used by CamCOPS are similarly open source.




ADDITIONAL CONSIDERATIONS FOR USE IN CLINICAL PRACTICE AND RESEARCH


Software Regulations and Limitations

While we have tried to ensure that CamCOPS is reliable and accurate, the terms and conditions of use include a disclaimer to the effect that the authors and distributors are not responsible for errors or liable for any consequences of users' reliance upon the content provided with CamCOPS. Content contained in or accessed through CamCOPS should not be relied upon for medical purposes in any way; if medical advice is required, users should seek expert medical assistance. CamCOPS is intended for use under the supervision of medical practitioners or researchers conducting ethically approved academic research.

Regarding the European Union Medical Devices Directive (87): CamCOPS is not intended primarily for the diagnosis and/or monitoring of human disease. It has not yet undergone a conformity assessment under the Medical Devices Directive, and thus cannot be described as or put into service as a medical device. We note that Medical Device approval is typically not required for research software tools, during research where there is no medical purpose for the device (88); such research has its own regulatory controls. Nor is it typically needed for software systems where the software does not interpret data, merely storing and transmitting it without change (for example, Medical Device approval is not needed for word processors, spreadsheets, databases, or e-mail systems that may sometimes contain medical data) (89); many CamCOPS tasks relating to clinical work perform no such interpretation. We are continuing to explore this evolving area of regulation.



Local Clinical and Research Approvals

In addition to these caveats, use within NHS England would require appropriate local NHS Trust approval (17). The CamCOPS system stores small quantities of patient-identifiable data on an encrypted mobile device for a limited period of time. NHS England guidelines allow this possibility subject to (a) strict rules regarding encryption, such as suitable cryptographic algorithms used with strong passwords; (b) all such devices being owned by the Trust, disallowing mobile devices owned by clinicians personally; and (c) Trust Information Governance and Caldicott Guardian approval (13, 16, 90). Device encryption on iPads uses AES-256 (71), while Android uses AES-128 (69, 91); both satisfy NHS encryption guidelines (16). CamCOPS data encryption, as above, is in addition to this. NHS Scotland guidelines classify data using a traffic-light system according to the risk of patient identification and harm or distress caused by loss (92). Patient-identifiable data relating to mental states would be classified as amber or red—likely often red. When applied to the CamCOPS system, which holds information transiently offline on a mobile device, these standards would require NHS-owned devices with whole-disk encryption and a strong password (92).

As noted above, CamCOPS is not a primary EHR system and it is critical that any clinically relevant data be copied to an institution's primary EHR. CamCOPS provides mechanisms for this to occur automatically (see above), subject to the EHR having the capability to receive it (see below for discussion of one possible fallback position with EHRs that do not).

In a research context, information-handling procedures will be directed by an appropriate national or institutional research governance framework [e.g., (93, 94)]. Clinical information governance guidelines are typically at least as stringent as guidelines that govern research with volunteers who have given explicit consent to research, and more stringent than guidelines covering pseudonymised or anonymised records, or non-sensitive information. CamCOPS was therefore designed against clinical information governance standards.

All tasks allowing free-text entry, and many established structured questionnaires in psychiatry, permit the capture of risk-related information, such as about suicidality. If such information is captured without direct supervision by a clinician, it is vital that a clinical service or research study has approved methods for handling such information. Most critically, patients/subjects must be aware that reporting information to an app is not a substitute for talking to their clinical/research team or obtaining emergency health care if required. Users must indicate that they understand this in order to use the app, but appropriate expectations must also be set by the institution operating the software.



Experimental Tasks

CamCOPS is designed to operate as a translational research platform, implementing human-specific and cross-species tasks derived from basic neuroscience research. Some experimental tasks are included in CamCOPS and are clearly labelled as such; more may be added.




EARLY EXPERIENCES

CamCOPS development began in 2012 and the first version of the client, written in the Titanium cross-platform Javascript framework (95), was available in 2013 together with a Python-based server. The system was developed incrementally, except that in 2017 the client was rewritten in C++/Qt for better performance and power, and the server reworked. CamCOPS was first approved for clinical use in October 2014 within Cambridgeshire & Peterborough NHS Foundation Trust (CPFT), and has been used both for clinical and research purposes. It has been deployed for research within CPFT, the University of Cambridge, and at academic institutions in Denmark and Singapore. It has been used on Android tablets including the Asus TF201, Asus TF300T, and Sony Xperia Z2 Tablet, and touchscreen Windows devices including the Microsoft Surface Book 2. Our experience has been that Windows tablets provide familiarity and multi-purpose computing for many users, whilst Android tablets can be cheap. All these operating systems support offline voice-recognition dictation systems, as described above, though we have found physical keyboards considerably more accurate for text entry.

As a clinical example, CamCOPS has been operational in CPFT's perinatal mental health service since 2019, where it is used to record questionnaire data relating to symptoms and service experience. Notably, the version of the EHR system in use did not have the capability to receive an automatic data “feed” from CamCOPS. We therefore used the poor substitute of having CamCOPS automatically e-mail tasks (on receipt) via an internal secure e-mail system to an administrative team, who uploaded them to the patient's EHR.

Examples in a research context include the Insight study (96) and MOJO study (Khandaker, NHS research ethics reference 19/EE/0233) examining the relationship between systemic inflammation and mood symptoms, in which CamCOPS has been used to capture a range of data encompassing medical history, affective symptoms including a standardized self-report computerized interview (21, 22), physical symptoms such as fatigue and joint inflammation, and quality-of-life measures.



COMPARISON TO OTHER SYSTEMS; STRENGTHS AND WEAKNESSES

There are a large number of free and commercial applications offering data capture for psychiatry-oriented questionnaires such as the PHQ-9, and similarly many web sites for users to design and offer generic surveys for free or via a variety of commercial models. Some systems offer extensively validated complex cognitive assessment tasks via a closed-source model with provider-hosted data [e.g., (97, 98)]. Others use a range of data collection techniques (mobile apps, web interfaces, text messaging) to collect information in specific clinical domains, such as for mood monitoring [e.g., (99)] or to detect psychiatric morbidity in general hospital contexts [e.g., (100)]. REDCap (31) is one widely used general-purpose research system, free but not open source (101–103), oriented towards flexible online data capture and using a model where institutions host their own instance (31, 102, 103).

CamCOPS differs from these systems in some ways, and at times complements them. Of course, all major design decisions come with trade-offs. We see the major decisions as follows.

Firstly, CamCOPS is free and open-source software; moreover, it has a “copyleft” licence that ensures derivative works must remain open source. This eliminates direct software costs and allows public scrutiny of the code, but may reduce the incentive for commercialization and commercial support. It also prevents the full incorporation of tasks incompatible with this licensing model. Careful intellectual property review is required with respect to new tasks (see above), though that would be true regardless of the software licence.

Second, we follow the principle of institutional hosting. This offers institutions complete ownership and control of their data, but comes with the burden of having to provide, obtain, or outsource relevant computing infrastructure and some burden of computer administration.

Third, CamCOPS can operate offline. This major design decision reflected our need to operate in offline environments such as on domiciliary visits to mobile phone (cellular data) “black spots” for our network providers, or in acute hospital environments with radiofrequency shielding or lack of Wi-Fi for other reasons. This inevitably excludes the much simpler software model where all testing is performed online via a web site, and it brings complexities in development, data security management (discussed above), and deployment (such as upgrading client apps). A benefit is that the client, being written in a high-performance low-level general-purpose programming language, is essentially unrestricted; thus, CamCOPS can and does implement animated tasks, generalized linear modelling, and so forth.

Fourth, we support on-device “registration” of new subjects/patients, and support multiple groups and identification policies. This adds clinical flexibility (e.g., capturing data in relation to an emergency referral prior to administrative patient registration) and supports a variety of clinical and research settings, from fully identified clinical work, to a mix of clinical and research work, to de-identified research. However, it adds complexity and can require more later verification than a model in which all patients are registered in advance on the server according to a unified identity policy. In practice, since the identity policy (or policies) is configured by the local system administrator, this balance is in large part determined by the hosting institution according to its needs.

Fifth, the tight security for data stored transiently on mobile devices, with its principle of data minimization, brings some trade-offs, such as the absence of a view of historical data “on the fly” within the mobile app. If historical CamCOPS information needs to be viewed, that is presently not supported “offline” but only via online web access to the server. This may limit utility in some situations.

Sixth, tasks are implemented at present as part of the CamCOPS code base, rather than being user-defined [cf. e.g., (31)]. An advantage is that tasks are developed as “canonical” versions, with their source code open—for example, everyone can check to see if there is a logical error in the implementation of a task. We have also found that the requirement to implement aspects of each task in both C++ and Python serves as an intrinsic cross-check for this kind of error, although it involves some extra work. It also brings the benefit that tasks are unconstrained—that is, they can use any feature of a general-purpose programming language—rather than being constrained by the limitations of a scripting environment, so they can be tailored to achieve a good user interface and experience. The obvious disadvantage is that CamCOPS is not well-suited for the creation of new questionnaires specific to a clinical service or research study on a rapid, ad hoc basis (including research workflow tasks such as recording consent); CamCOPS may therefore complement software designed for that purpose in a clinical [e.g., (104)] or research [e.g., (31)] environment. It also requires more programming experience to develop new tasks than simpler systems.

Finally, we note that in the clinical domain there is often tension between different modes of data capture that we see as stemming from a lack of interoperability. Many EHR systems are not designed to be used by patients at all, but are designed for clinicians to enter data. In the UK, this is changing gradually with the advent of “patient portals” and EHR-connected apps, but while some EHRs can capture basic questionnaire data from patients directly, we know of none that can capture structured data from complex clinician-assisted tasks [e.g., (3)] or animated cognitive assessments [e.g., (23)] directly into the EHR via a convenient interface. This creates demand for systems that can, and that situation is likely to persist—primary EHR systems do a lot, but they cannot do everything. Accordingly, we suggest that the future focus in this area should be on using the “best tool for the job”—capturing directly into the EHR as the first preference, but using external tools (such as CamCOPS or others) where required—plus work to improve the integration of external systems and EHRs, so that data flows seamlessly in the most structured way possible as well as the most clinically relevant.



SUMMARY

Regardless of the current and future sophistication of phenotype measurement via passive data collection (105), in our view overt data capture will continue to remain central to digital phenotyping in psychiatry. We present CamCOPS, a free and open-source client–server system for direct data capture in the general area of psychiatry, psychology, and the clinical neurosciences. It runs on multiple platforms and emphasizes touchscreen data capture. It has both clinical and research applications and is designed to operate against stringent information governance requirements, with hosting institutions having complete ownership and control of the data they collect. It can operate with fully identifiable or de-identified information. We discuss security concerns that would apply to any system of this kind, and describe the approaches used in CamCOPS. It provides summary views on the data that we believe are useful for clinicians, whilst retaining full structured data for research, and it supports multiple export mechanisms to communicate with other systems. It implements a large and growing family of tasks, ranging from questionnaires to animated cognitive assessments, with techniques to address a range of licensing and intellectual property rules. We discuss its strengths and weaknesses and report on some early practical uses.
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Unadjusted® Adjusted by mood symptoms®

Coefficient SE. p-value Coefficient SE. p-value
Total SMS frequency
BD vs. HC 36311 23,501 0.129 34.506 23.354 0.146
BPD vs. HC 54,522 23.786 0026 56,645 23841 0.023"
Outgoing SMS frequency
BD vs. HC 18.164 12.176 0.142 17.661 12,172 0.153
BPD vs. HC 29.045 12.323 0.022* 30.265 12.419 0018"
Mean total SMS length
BD vs. HC ~21.300 9.306 0027 ~18.306 9.799 0.067
BPD vs. HC -8.674 9541 0.368 -0.404 11.433 0972
Mean outgoing SMS length
BD vs. HC ~14.918 10.987 0.179 -17.776 11.269 0.121
BPD vs. HC 6619 11.162 0556 2113 12.395 0.865

aUnadjusted model is adjusted by age only. Allsignificent results remained significant when age removed from model. ®Adjusted model adjusted for both age and mood symptoms
(QIDS & ASRM). ***p < 0.001, **p < 0.01, *p < 0.05.
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Reference: HC group® Reference: BPD group®

Coefficient SE. p-value Coefficient SE. p-value
Total call frequency
Depression 0.020 1.308 0988 3580 1.275 0.005"
BD vs. HG 6.941 2715 0014* - - -
BPD vs. HC 0972 2910 0740 - - .
BD vs. BPD - - - 5.969 3.074 0056
8D x Depression -3.625 2013 0072 ~7.185 1.994 <0001
BPD x Depression 3560 1,828 0.051 - - -
Outgoing call frequency
Depression ~0.453 0888 0610 1,593 0.868 0067
BD vs. HG 4.063 1.750 0.025* - - -
BPD vs. HC 0856 1.886 0652 - - -
BD vs. BPD - - - 3.207 1.993 0113
BD x Depression —1.076 1.368 0.432 -3.123 1.355 0021
BPD x Depression 2.047 1.242 0.100 - - -
Mean total call duration
Depression 8359 28.283 0,003 18.205 28628 0525
BD vs. HC 62.671 43.466 0.157 - - -
BPD vs. HC 22.739 48917 0644 - - -
BD vs. BPD - - - 30932 51836 0.444
8D x Depression —134.029 43577 0,002+ ~68.636 43.784 0417
BPD x Depression ~65.392 40.241 0.104 - - -
Mean incoming call duration
Depression 86.272 35.785 0016* —20.164 34.789 0562
8D vs. HC 27.733 44.997 0542 - - =
BPD vs. HC 58,665 52.537 0268 - - -
8D vs. BPD - - - -30.932 55517 0579
BD x Depression —126.671 53.080 0017 ~20.235 52.331 0699
BPD x Depression —106.436 49.903 0.083* - - -
Mean outgoing call duration
Depression 28.441 35,598 0.424 6576 36.260 0856
8D vs. HC 93.086 50.274 0071 - - =
BPD vs. HC 34.878 57.968 0549 - - -
8D vs. BPD = = - 58.180 61.373 0346
8D x Depression —126.342 53.620 0019* ~104.477 54.088 0053
BPD x Depression —21.865 50811 0667 - - -

Data limited to depression & euthymia wesks (n = 1,380) to avoid rank deficiency. All analyses are adfusted for age. Al significant results remained significant when age removed from
model. °In dummy coding, HC group used as reference level, therefore diagnosis x depression represents the moderation effect compared to reference (HO). Pin dummy coding, BPD
group used as reference level, therefore diagnosis x depression represents the moderation effect compared to reference (BPD). ***p < 0.001, **p < 0.01, *p < 0.05.
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Reference: HC group® Reference: BPD group®

Coefficient SE. p-value Coefficient SE. p-value
Total SMS frequency
Depression 0646 4562 0887 2122 4.495 0637
BD vs. HC 41816 30.723 0.180 - - -
BPD vs. HC 64.413 31.615 0.047* - - -
BD vs. BPD - - - —22.597 32.840 0.495
8D x Depression —28.781 7.180 <0001 ~30.257 7.138 <0001
BPD x Depression 1.476 6.405 0818 - - -
Outgoing SMS frequency
Depression —0.027 2330 0991 ~0.101 2206 0965
8D vs. HC 20.689 15568 0.190 - - -
BPD vs. HC 35718 16.010 0.030° - - -
8D vs. BPD - - - ~16.020 16.631 0371
BD x Depression —12.424 3.667 0001 ~12.350 3646 0001
BPD x Depression —0.074 3271 0982 - - -
Mean total SMS length
Depression 3506 9930 0.724 8771 9553 0359
BD vs. HG —16.413 10.182 0.113 - - -
BPD vs. HG ~16.749 12527 0.184 - - -
BD vs. BPD - - - 0.336 13.395 0980
8D x Depression ~18.988 14.442 0.189 ~24.252 14174 0.087
BPD x Depression 5265 13.776 0702 - - -
Mean outgoing SMS length
Depression -3.998 9202 0665 5.246 7.198 0.466
BD vs. HG —13.666 11.384 0236 - - -
BPD vs. HC 0912 12.676 0943 - N =
BD vs. BPD - - - —14578 13.345 0278
BD x Depression -8550 12711 0.780 —12.794 11.322 0259
BPD x Depression 9244 11.697 0.430 - - -

Data limited to depression & euthymia wesks (n = 1,380) to avoid rank deficiency. All analyses are adfusted for age. Al significant results remained significant when age removed from
model.#In dummy coding, HC group used as reference level, therefore diagnosis x depression represents the moderation effect compared to reference (H). Pl dummy coding, BPD
group used as reference level, therefore diagnosis x depression represents the moderation effect compared to reference (BPD). ***p < 0.001, **p < 0.01, *p < 0.05.
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Participant details
Participants, n
Age, mean (SD)
Male gender, % (n)
BIS-11, mean (SD)
Weeks in study, median (IQR)
Mood details
Aggregate weeks in study, n
Euthymic weeks, n (%)
Depressed weeks, 1 (%)
Manic weeks, 1 (%)
Mixed weeks, n (%)
QIDS, median (IQR)
ASRM, median (IQR)

‘0 < 0.001, **p < 0.01, *p < 0.05.

HC

21
42.38 (11.71)
28.57% (6)
54.26 (6.40)
23 (26)

642
540 (84.11%)
99 (15.42%)
3(0.47%)
0(0%)
26
o(1)

BD

17
42.24(14.24)
41.18% (7)
65.41(0.03)
19(19)

456
279 (61.18%)
90 (19.74%)
70 (15.35%)
17 (3.73%)
4
1(4)

BPD

17
38(11.39)
5.88% (1)

65.67 (11.58)

21(22)

401
64.(15.96%)
308 (76.81%)
11 2.74%)
18 (4.49%)
15(8)
10

Total

55
40.98 (12.38)
25.45% (14)
60.80 (10.49)

21(24.5)

1,499
833 (68.91%)
497 (33.16%)
84 (5.60%)
35 (2.33%)
5(10)
0@
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Transdiagnostic model® Adjusted by diagnosis®

Coefficient SE. p-value Coefficient SE. p-value
Total call frequency®
Depressive symptoms (QIDS) -0.020 0.068 0.766 —0.049 0.071 0.488
Manic symptoms (ASRM) 0265 0.103 0010 0.241 0.103 0.020°
Outgoing call frequency
Depressive symptoms (QIDS) 0011 0.046 0808 ~0.004 0048 0925
Manic symptoms (ASRM) 0217 0.069 0002+ 0.203 0070 0,004+
Mean total call duration
Depressive symptoms (QIDS) 3336 1.359 0015* 3.485 1514 0.022"
Manic symptoms (ASRM) 1.983 2176 0363 1.888 2215 0394
Mean incoming call duration
Depressive symptoms (QIDS) 5.104 1.621 0.002" 5.714 1.891 0.003*
Manic symptoms (ASRM) 4.756 2698 0078 5.049 2766 0068
Mean outgoing call duration
Depressive symptoms (QIDS) 0.106 1622 0948 -0.560 1816 0758
Manic symptoms (ASRM) 1.424 2613 0586 0,873 2659 0743

#Transdiagnostic model adjusted by age only. Al significant results remained significant when age removed from model. ®Acjusted model adjusted for both age and diagnosis. Analyses
were performed separately for each variable in univariate analyses and with QIDS & ASRM variables together in multivariate analyses. Resuilts remained significant when univariate analysis
performed, multivariate analyses results presented here. ***p < 0.001, *'p < 0.01, *p < 0.05.
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Transdiagnostic model® Adjusted by diagnosis®

Coefficient SE. p-value Coefficient SE. p-value
Total SMS frequency®

Depressive symptoms (QIDS) -0.124 0.275 0.653 -0.211 0.278 0.447
Manic symptoms (ASRM) 1618 0.402 <0.001" 1.566 0.402 <0001
Outgoing SMS frequency

Depressive symptoms (QIDS) ~0.107 0.140 0.444 ~0.151 0.141 0283
Manic symptoms (ASRM) 0718 0204 <0.001"* 0,691 0204 0001
Mean total SMS length

Depressive symptoms (QIDS) ~0.645 0.408 0.115 -0.652 0479 0174
Manic symptoms (ASRM) ~0.306 0707 0665 ~0.084 0722 0908
Mean outgoing SMS length

Depressive symptoms (QIDS) 0362 0373 0333 0319 0410 0437
Manic symptoms (ASRM) 0569 0603 0345 0.664 0612 0278

aTransdiagnostic model adjusted by age only. Al significant results remained significant when age removed from model. ® Adjusted model adjusted for both age and diagnosis. ©Analyses
were performed separately for each variable in univariate analyses and with QIDS & ASRM variables together in multivariate analyses. Results remained significant when univariate analysis
performed, multivariate analyses results presented here. ***p < 0.001, **p < 0.01, *p < 0.05.
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Unadjusted® Adjusted by mood symptoms®

Coefficient SE. p-value Coefficient SE. p-value
Total call frequency
BD vs. HC 5912 2.791 0.040° 5678 2.787 0.047*
BPD vs. HC 3561 2835 0216 3.962 2.945 0.184
Outgoing call frequency
BD vs. HC 3624 1.866 0,059 3251 1.858 0087
BPD vs. HC 2185 1.896 0256 2054 1.964 0300
Mean total call duration
BD vs. HC 42,013 39.490 0294 22273 41,085 0590
BPD vs. HC 37.59 40345 0357 -8.183 45.381 0858
Mean incoming call duration
BD vs. HC 20257 40.202 0618 ~16.451 42.412 0718
BPD vs. HC 46534 41316 0268 —28.714 48508 0556
Mean outgoing call duration
BD vs. HC 50.870 45.607 0273 51.449 47471 0282
BPD vs. HC 38,332 46948 0419 44658 52.798 0.401

aUnadjusted mode is adjusted by age only. Allsignificant results remained significant when age removed from model. ®Adjusted model adjusted for both age and mood symptoms
(QIDS & ASRM). ***p < 0.001, **p < 0.01, *p < 0.05.
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Sensor

Accelerometer
Gyroscope

Ambient light

GPS

Triangulation (Cell/Wi-Fi)
Screen usage
Bluetooth

Witi

Network

Application logs®
Ambient noise

Variable

Physical activity
Physical activity
Ambient Light
Location

Location

Screen on/off

Social connectedness
Social connectedness
Network events
Appiication logs
Noise level

Data type

3D Float
3D Float

Float

Float (Multidimensional)

Float (Multidimensional)

Binary (on/off)

Categorical/string

Categorical/string

Categoricalstring

Strings (Usage, Notifications, crashes)
Categorical/foat

aEstimated frequencies only. Actual frequencies may vary depending on device and operating system.
b pApplication log data is only collected for Android devices due to restrictions of iOS.

Frequency®

Every 60 millseconds
Every 60 millseconds

Every 60 milliseconds

Every 180s or 150 meters location change
Every 300s or 1,500 meters location change
Continuous

Every 5 min

Every min

Continuous

Every30's

Every 5 min
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Only shown during first beep of the day
1. How long did it take you to fall
asleep yesterday?

2. If you woke up during the night: how long
were you awake for in total?

w

. How would you rate your sleep quality?

Fa

. Did you have nightmares?

. (conditional upon item 4) How distressing
were they?

Shown during every beep of the day

6. At this moment, | feel little interest or
pleasure in doing things.

7. At this moment, | feel down or depressed.
8. At this moment, | feel useless.

o

9. At this moment, | feel like a burden
for others.

10. At this moment, | feel lonely.
11. At this moment, | feel like | do not belong.

12. At this moment, | feel hopeless.

13. At this moment, the future seems hopeful
to me and things are changing for
the better.

14. At this moment, | feel that life is not worth
iving for me.

15. At this moment, | feel there are more
reasons to die than to live for me.

16. At this moment, | feel that | want to die
by suicide.

17. At this moment, | think about taking my ffe.

18. At this moment, | feel that | have control
over the things that happen to me.

19. Move the siders to express how you
actually feel while watching the picture.
Move the slider to rate your level
of pleasure.

20. Move the siiders to express how you
actually feel while watching the picture.
Move the slider to rate your level of arousal.

Only shown during the last beep of the day
1. At this moment, | feel
2. Atthis moment, | feel

3. At this moment, | feel
4. At this moment, | feel

5. At this moment, | feel
6. At this moment, | feel
7. Please indicate the persons you spent time

with today (indicate none or as many
as applicable)

8. Choose the person you interacted with
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Slider scale not at all o fully
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a Yes
0 No

Construct & reference

Sleep, derived from the Sieep Condition
Indicator (58)

Sleep, derived from the Sleep Condition
Indicator (58)

Sleep, derived from the Sleep Condition
Indicator (58)

Nightmares
Nightmares

Depression (59)

Depression (59)

Perceived burdensomness [Hallensleben et al.,
2018; (60)
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2018; (60)
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2018; (10)
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Hope (61)

Passive suicidal ideation [Hallensleben et al.,
2018; (60)

Passive suicidal ideation [Hallensleben et al.,
2018; (60)]

Active suicidal ideation [Hallensleben et al.,
2018; (60)

Active suicidal ideation [Hallensleben et al.,
2018; (60)
Daiy locus of control/ self-efficacy (62)
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Content-Affect (64)
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Unwell-Affect (64)
Relaxed-Affect (64)

(65)

(66)

(66)

(66)
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Name Type  Meaning

Maximum Float  The highest value of x
Minimum Float The lowest value of x

Mean Float  The mean value of x

Variance Float  The variance value of x

std Float  The standard deviation of x

Skewness Float  The sample skewness of x

Kurtosis Float The kurtosis of x

Median Float  The median of x

Absolute Float The sum over the squared values of x

energy

Absoltesum  Float  The sum over the absolute value of consecutive
of changes changes inx

Variance Bool Ifvariance is greater than std

larger than

std

Count above Float The number of values in x that are higher than then
mean mean of x

Countbelow  Float  The number of values in x that are lower than then
mean mean of x

Firstiocation ~ Float  The firstlocation of the maximum value of x

of maximum

Last location Float The relative last location of the maximum value of x
of maximum

Firstlocation  Float  The firstlocation of the minimum value of x

of minimum

Last location Float The relative last location of the minimum value of x
of minimum

Duplicated Bool If any value in x occurs more than once

Max Bool  If the maximum value of x is observed more than
duplicated once

Min Bool If the minimum value of x is observed more than
duplicated once

Longeststrike  Float  The longest consecutive subsequence in x that is
above mean bigger than the mean of x

Longeststike  Float  The longest consecutive subsequence in x that is
below mean smaller than the mean of x

Mean Float The mean over the absolute differences between
absolute values in x

change

Meanchange  Float  The mean over the differences between values in x
Percentage of  Float  The percentage of unique values that are present in

reoccurting x more than once
datapoints

Ratio value Float  The percentage of unique values that are present in
number xonly once in all values

Sum of Float  The sum of all data points, that are present in x
reoccurting more than once

datapoints

Sum of Float  The sum of all values, that are present in x more
reoceurting than once

datapoints

Sum values Float  The sum of all values

Range Float  The range value of x

X represents the time-series; std, standard deviation.





OPS/images/fpsyt-11-607890/fpsyt-11-607890-t003.jpg
Total Healthy people ~ Mentally  P-value

(total score < ill people
110) (total score
>=110)

Sample size 100 88 12
Age 4023(7.582)  4051(7.58) 8817 (7.66) 0.731
Sex (male) 60 49 1" 0017*
Sex (ferale) 40 39 1
Marriage (yes) 87 77 10 0.708
Children (yes) 82 72 10 0932
Higher 57 52 5 0.253
education (yes)
SCL-90 83.13(2403)  8228(1391)  131(37.24) 0001
Interpersonal 16.03(4.72)  15.08(352) 23(6.47)  0.000"
sensitivity
Depression 2202(6558)  2040(401)  33.92(9.199) 0000
Anxiety 15.19(450)  1425(300)  22.08(7.70). 0.000""
Hostilty 9.96(3.45) 9.24(251) 1525 (4.73)  0.001™
Phobic anxiety ~ 9.24 (2.98) 865 (1.90) 1358(5.28)  0.008"
Psychoticism 1560(4.68)  1467(301)  28.17(7.47) 0.002"

Continuous data are expressed as mean (standard deviation); discrete data are expressed
as number. *P < 0.05;*P < 0.01;***P < 0.001.
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Dimensions Ry
Interpersonal sensitivity 0817+
Depression 0755
Anxiety 0551
Hostiity 0516
Phobic anxiety 0.674
Psychoticism 0.608"*

Ry

0377+
0.261**
0.307"*
0.423**
0.351**
0.376**

Ry, the Pearson correlation coefficients between the predicted values of odd frames data
and the predicted values of even frames data. Ry, the Pearson correlation coefficients
between the predicted values of the “whole” data and the actual score of the dimension

scale. **P < 0.01; *"*P < 0.001.
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Facial prediction models

SCL-90

INT,
DEP,
ANX;
HOS;
PHO;
PSY4
INT
DEP,
ANX;
HOS,
PHO,
PSY,

INTy

0.74
0.42
0.39
0.48
0.49
0.38
0.35
027
0.23
0.26
033

DEPy

0.44
0.27
0.49
0.48
0.29
0.26
0.21
0.14
0.18
0.28

ANXy

029
0.43
0.50
0.25
0.22
0.31
0.16
0.24
0.25

HOS;

023
0.16
0.20
0.29
0.23
0.42
0.18
0.23

Facial prediction models

PHO;

027
0.19
0.18
022
0.08
035
0.26

PSY;

0.34
0.32
027
021
0.16
0.38

INT,

0.73
0.76
0.64
0.64
0.82

DEP;

081
0.77
0.74
0.82

SCI-90

ANXz HOS, PHO, PSY;
0.71
0.74 0.63

0.84 0.68 0.72

The Pearson correlation coefficients between the predicted values of each model and the actual scores of each scale. INT, interpersonal sensitivity; DEF, depression; ANX, anxiety; HOS,
hostility; PHO, phobic anxiety; PSY, psychoticism; 1, predicted values by facial prediction models; 2, actual scores by the SCL-90.
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Number of relapses

1,101
728
490
336
231
153

89
43

Age

Mean (SD)

401 (14.9)
39.7 (15.0)
39.2(14.8)
39.4(15.2)
40.0 (14.5)
30.6(14.7)
41.1(15.1)
40.74 (14.9)

Female

N (%)

480 (43.6)
319 (43.8)
212(43.9)
138 (41.2)
92 (39.8)
70 (45.8)
32(36.0)
12 27.9)

Psychotic disorders

N (%)

652 (59.2)
437 (60.0)
299 (61.0)
194 (67.9)
142 (61.5)
87 (56.9)
46 (51.7)
23(53.5)

Relapse trend
score mean (SD)

036(0.2)
0.38(0.1)
039(0.2)
0.41(0.3)
0.42(0.3)
0.41(0.3)
038(0.2)
0.44(0.3)

Affective disorders

N (%)

449 (40.8)
291 (40.0)
191 (39.0)
141 (42.1)
89 (38.5)
66 (43.1)
43(48.3)
20 (46.5)

Relapse trend
score mean (SD)

0.43 (0.4)
051(0.4)
060 (0.4)
0.66 (0.4)
0.72(03)
0.74(03)
0.78(0.3)
0.7 02)
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05
05
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SE

0.35
024
0.19
0.16
0.13
0.12
0.10
0.09

t

08
29
341
28
4.0
42
32
33

P-value

0.412
0.004
0.002
0.006
0.000
0.000
0.002
0.001

95% Clof B

[0.4-1.01)
[0.23-1.17)
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0.12-0.52)
0.12-051)





OPS/images/fpsyt-12-558056/fpsyt-12-558056-t003.jpg
Number of
relapses

1
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195
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155
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0.18

SE
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03
02
02
0.1
0.1

Wald x2

97
225
272
335
268
249
1.0
23

Odds ratio 95 % Cl of

6.6
99
6.2
50
34
26
17
13

OR
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1. Average time phone screen was on over 24h

4. Average duration phone screen was on from
8am.to6p.m.

7. Longitude standard deviation from 6a.m. to
12 pm.

10. Median latitude between 12 p.m. and 6 p.m.

13. HRV average of the SD of N-N intervals from
12am. to 6 p.m. on the right wrist

16. Average duration phone screen was on from
12p.m.to 6 p.m.

19. 8D of the Location latitude between 8a.m. and
6pm.

22. HRV average of SD of N-N intervals from 6 p.m.
to 12am. on the right wrist

25. Average skin conductance level on the left wrist
during motionless intervals over 24 h

28. HRV average of the SD of N-N intervals over
24h on the right wrist

31. Average SD of the location latitude and
longitude from 6a.m. to 12 p.m.

34. Average latitude 12 p.m. to 6 p.m.

37. SD duration phone was on over 24h

8D, standard deviation; HRV, Heart Rate Variability.

2. Average skin conductance response difference
between right and left wrist recorded during
motionless intervals over 24h

5. Average location latitude over 24 h

8. Average location latitude from 8a.m. to 6 p.m.

11. Median time phone screen was on over 24 h

14. Standard deviation of the Location latitude
between 6a.m. and 12 p.m.

17. SD of the Location latitude between 12 p.m.
and 6 p.m.

20. Average HRV power of the low frequency signal
band over 24 h measured on right wrist

3. SD of HRV power of the low frequency signal
band over 24 h measured on right wrist

N

26. SD of durations when phone screen was on
from 8am. to 6 p.m.

9. Skin conductance response difference right and
left wrist processed during motionless intervals
over 24h

N

32. Root mean square of successive differences
between normal heartbeats over 24 h on the
ight wrist

@

5. Skin conductance response difference right and
left wrist processed during motionless intervals
over 24h

38. SD of the IBs for all sinus beast from 6 p.m. to

12 p.m. on the right wrist

3. Average SD of the location latitude and longitude
from 12 p.m. to 6 p.m. (location_totalStd_12
to 18)

6. Average skin conductance level mean difference
between right and left wrist during motionless
intervals over 24 h

9. HRV root mean square of successive differences
between normal heartbeats on the right wrist
between 6 p.m. and 12am.

12. Average of skin conductance response
amplitude peaks on the left wrist processed
during motionless intervals over 24 h

15. Average location latitude from midnight to
6am.

18. SD of durations when phone screen was on
from 12 p.m. to 6 p.m.

21. HRV average of the SD of N-N intervals over
241 on the left wrist

24. 8D of location latitude over 24 h

27. HRV Average of the SD of N-N intervals from 6
p.m. to 12 p.m. on the left wrist

30. Number of times the phone screen was on from
12 p.m. o 6 p.m.

33. Total time the phone screen was on from 12
pm.to 6 p.m.

36. Average power of the high frequency band of
the HRV signal over 24 on the right wrist

39. Root mean square of successive differences
between normal heartbeats from 6 p.m. to
12a.m. on the right wrist
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All features
Mobile + Wearable

Mobile

Wearable

Group median baseline
Individual screen baseline

Individual
median baseline

RMSE (SD)
5.43 (1.03)

5.93(1.45)
5.35(1.16)
6.24(0.39)
5.45(1.1)
NA

User split

MAE (SD)
4.27 (0.87)

4.74(1.24)
4.08(09)
5.06 (0.47)
4.24 0.99)
NA

¥ (95% CI)
0.57(0.42,0.72)

0.46 (0.18-0.74)
056039, 0.79)
NA
065 (0.5,08)
NA

RMSE (SD)
5.99(0.14)

4.88(0.19)
5.76(0.9)
6.82(0.29)
6.64(0.19)
413(0.47)

Time split

MAE (SD)
466 (0.25)

3.88(0.18)
465 (0.24)
5.63(0.24)
5.33(0.28)
3.28(0.16)

¥ (95% CI)
05(0.45,0.55)

0.7 (0.66, 0.74)
054(0.49, 0.59)
NA
0.42(0.38, 0.46)
0.81(0.80,0.82)
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Dimension
Interpersonal sensitivity

Depression
Anxiety
Hostility
Phobic anxiety
Psychoticism

Number of items.

9

13
10

10

Score interval

9-45

13-65
10-50
6-30
7-35
10-60

Dimension description

This scale assesses feslings of insufficient personal abilies and negative expectations of
interpersonal interactions.

This scale assesses a depressed mood, loss of motivation, and suicidal tendency.

This scale reflects symptorns and behaviors related to anxiety.

This dimension includes thoughts or behaviors of an emotional state of anger.

This scale refers to persistent anxiety about a specific person, place, object, or sitting posture.

This dimension provides a graduate rank from mild interpersonal alienation to serious mental
illness.
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Introduce the purpose and procedures of the experiment

Sign the informed consent form

Complete the demographic information questionnaire
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