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Introduction: Multiple sclerosis (MS) is characterized by a wide range of disabling
symptoms, including cognitive dysfunction, fatigue, depression, anxiety, pain, and
sleep difficulties. The current study aimed to examine real-time associations between
non-cognitive and cognitive symptoms (latter measured both objectively and
subjectively in real-time) using smartphone-administered ecological momentary
assessment (EMA).

Methods: Forty-five persons with MS completed EMA four times per day for 3 weeks.
For each EMA, participants completed mobile versions of the Trail-Making Test part
B (mTMT-B) and a finger tapping task, as well as surveys about symptom severity.
Multilevel models were conducted to account for within-person and within-day
clustering.

Results: A total of 3,174 EMA sessions were collected; compliance rate was 84%.
There was significant intra-day variability in mTMT-B performance (p < 0.001) and
levels of self-reported fatigue (p < 0.001). When participants reported depressive
symptoms that were worse than their usual levels, they also performed worse
on the mTMT-B (p < 0.001), independent of upper extremity motor functioning.
Other self-reported non-cognitive symptoms were not associated with real-time
performance on the mTMT-B [p > 0.009 (Bonferroni-corrected)]. In contrast, when
self-reported fatigue (p < 0.001), depression (p < 0.001), anxiety (p < 0.001), and pain
(p < 0.001) were worse than the individual's typical levels, they also reported more
severe cognitive dysfunction at the same time. Further, there was a statistical trend
that self-reported cognitive dysfunction (not mTMT-B performance) predicted one’s
self-reported sense of accomplishment in real-time.

Discussion: The current study was the first to identify divergent factors that influence
subjectively and objectively measured cognitive functioning in real time among
persons with MS. Notably, it is when symptom severity was worse than the individual's
usual levels (and not absolute levels) that led to cognitive fluctuations, which
supports the use of EMA in MS symptom monitoring.

multiple sclerosis (MS), experience sampling, cognitive impairment, depression, anxiety,
fatigue, pain, sleep
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1. Introduction

Multiple Sclerosis (MS) is a demyelinating, neurodegenerative
disorder of autoimmune causes that disrupts the central nervous
system (CNS). It is among the most common neurological diseases,
and its age of onset typically occurs between 20 and 50 years (1).
MS is accompanied by a range of symptoms, including cognitive
dysfunction, fatigue, pain, mood changes, sleep problems, weakness,
motor problems, and visual impairment (2).

Cognitive dysfunction, perhaps the most disabling manifestation
of MS, is present in approximately 45-60% of MS cases (3, 4). Deficits
in learning and memory as well as information processing speed
are the most prevalent cognitive deficits in MS (5). Difficulties are
also evidenced in complex attention, executive functioning, working
memory, and visuospatial functions (5). Such impairments can affect
everyday tasks of individuals with MS, disrupting their quality of life,
overall wellbeing, and physical and social functioning (6).

Multiple sclerosis symptom severity can fluctuate throughout the
day and week (7, 8), which is not captured by traditional clinical
tools that ask patients to rate their average symptoms over a period
of time (e.g., over the past week or month). The retrospective nature
of these inventories can introduce recall bias (9), which is especially
problematic for a population with memory difficulties such as MS.
There is a need for real-time assessment of MS symptoms, which will
improve our understanding of day-to-day symptom variability and
inter-symptom associations, as well as advance the development of
individualized MS treatment recommendations.

Ecological momentary assessment (EMA) is an approach that
repeatedly samples an individual’s experiences in real time (e.g.,
asking them to report their symptom severity weekly, daily, or
even every few hours) (10). By assessing real-time MS symptom
severity several times per day, EMA allows for direct examination
of within-person dynamics and diurnal symptom patterns. EMA has
been widely used in studying behavioral health and psychological
symptoms such as mood, addiction, and wellbeing (10). However,
few MS studies have used this paradigm. Available, albeit limited, MS
studies using EMA have shown good feasibility with relatively high
compliance rates among their participants, ranging from 83 to 91%
(7, 11). The current study will add to this emerging literature.

As with other MS symptoms, cognitive functioning is variable
and can fluctuate on a daily basis due internal (e.g., stress) (12) or
external triggers (e.g., temperature) (13). With the advent of mobile
technology, cognitive assessment can now be easily administered
through an individual’s smartphone. When combined with EMA,
mobile cognitive testing permits the study of real-time associations
among cognition, everyday tasks and environment, and other
related symptoms (14). For example, an EMA study conducted in
middle-aged and older adults with HIV found that engagement in
cognitively stimulating activities was associated with better executive
functioning and verbal learning, while engagement in more passive
activities resulted in worse executive functioning and verbal learning
performance (14).

Among the limited literature using EMA in MS, most
investigations focused on fatigue. These studies have shown
substantial within-person variability in fatigue intensity (7, 15), which
justifies the use of EMA in this population. Only one research
group has examined a broad range of symptoms, including cognitive
dysfunction, depressed mood, fatigue, and pain, as well as inter-
symptom associations (6, 7, 16). A study conducted by this group
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found that poorer cognitive functioning was preceded by worsening
within-day pain and fatigue (16). However, cognitive functioning in
this study was based on self-report. Given that studies have shown
that self-reported cognitive dysfunction do not always correlate with
objectively measured cognition (17, 18), more research is needed to
clarify the associations between non-cognitive MS symptoms and
both subjective and objective cognitive outcomes. Notably, the study
found that it was only within-person changes (or “state”) in symptom
ratings that were associated with other symptoms, and there were
no cross-symptom associations in mean symptom levels across time
points (or “trait”) (16). The state aspect of a symptom refers to
transient fluctuations at a point in time that can be affected by
situational contexts (e.g., being more anxious than usual because of
a doctor’s appointment). The trait aspect of a symptom represents the
typical pattern for an individual (e.g., usual levels of anxiety) (19).
Given the high sampling frequency, EMA enables such separations.

The current study aimed to use smartphone-administered EMA
to investigate and characterize real-time relationships between
non-cognitive and cognitive symptoms among persons with MS.
We expect that deviations in non-cognitive MS symptoms from
individuals’ typical levels will be associated with real-time cognitive
changes. The current study will address the limitations of prior
studies by measuring cognitive functioning both objectively and
subjectively.

2. Materials and methods

2.1. Participants

Participants were recruited through online advertisements on
the National MS Society and Kessler Foundation websites and
social media. Interested prospective participants would contact
the research team and undergo a brief phone screening to
ascertain eligibility. Inclusion criteria included: (1) ownership of
an iPhone, (2) access to a desktop or laptop computer that is at
least 13 inches in screen size, (3) English is primary language,
and (4) self-reported diagnosis of MS by a medical professional.
Exclusion criteria consisted of: (1) self-reported diagnosis of
neurological conditions other than MS, (2) self-reported diagnosis
of serious mental illness (e.g., schizophrenia, bipolar disorder),
(3) self-reported diagnosis of attention-deficit/hyperactive disorder
or specific learning disorder, (4) self-reported problems with
substance misuse, (5) presence of sensory or motor difficulties
that would interfere with validity of study assessments (self-
reported and through examiner observation), and (6) self-reported
MS relapse/exacerbation symptoms within the month prior to
enrollment. The study was approved by the Kessler Foundation
Institutional Review Board. All participants provided electronic
written informed consent through Research Electronic Data Capture
(REDCap) tools (20, 21), hosted by New Jersey Medical School,
Rutgers University.

2.2. Procedures

Data collection took place between April 2021 and February
2022. Due to the coronavirus disease 2019 (COVID-19) pandemic
(22), all study procedures were conducted virtually. Participants
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TABLE 1 Ecological momentary assessment protocol.
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FIGURE 1

Screenshots of MTMT-B and finger tapping tasks. Panel (A) is
screenshot of the mobile Trail-Making Test part B (mTMT-B) task.
Panel (B) is a screenshot of the mobile finger tapping task. Users
performed one trial with their right hand, followed by a second with
their left hand.

completed a virtually administered neuropsychological battery and
self-report inventories at baseline. After the baseline assessment,
they were instructed on downloading and using the study app
(23-25). Then participants were asked to complete EMAs four
times per day for 3 weeks. EMAs consisted of brief self-
report ratings and performance-based tasks delivered through the
participant’s smartphone.

2.3. Baseline assessment

Participants completed a virtually administered baseline
assessment (via videoconferencing), which consisted of a brief
battery of neuropsychological tests and phone-based Expanded
Disability Status Scale (EDSS) (26). The neuropsychological battery
included the oral version of the Symbol Digit Modalities Test
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Fatigue What is your level of fatigue right now on a scale of 0 (no fatigue)—10 (extremely severe fatigue)? Self-report 3x/day
Depression What is your level of depression right now on a scale of 0 (not at all depressed)—10 (extremely depressed)? Self-report 3x/day
Anxiety What is your level of anxiety right now on a scale of 0 (not at all anxious)—10 (extremely anxious)? Self-report 3x/day
Upper extremity What is your level of upper extremity weakness on a scale of 0 (no weakness)—10 (extremely severe weakness)? Self-report 3x/day
weakness
Pain What is your level of pain right now on a scale of 0 (no pain)—10 (worst pain imaginable)? Self-report 3x/day
Overall cognitive What is your level of cognitive function right now on a scale of 0 (good: my thinking is sharp and quick)—10 Self-report 3x/day
function (bad: my thinking is very difficult or slow)?
Executive function Mobile version of the Trail-Making Test part B (25); participants connected consecutive numbers and letters in.  Performance- 3x/day
order; completion time was used as primary outcome in multilevel models based
Upper extremity motor | Mobile version of a Finger Tapping task (30); participants tapped two fingers of the same hand alternatively for| Performance- 3x/day
speed 10 s as quickly as possible; this was done for both right and left hands; average number of taps across two hands; based
was used as covariates in multilevel models
Sleep How many hours of sleep did you get last night? Did you have difficulty falling asleep (yes or no)? Self-report 1x/day
Accomplishment To what extent were you able to accomplish everything you wanted to do today on a scale of 0 (I was unable to Self-report 1x/day
accomplish anything I wanted to do today)—10 (I was able to accomplish everything I wanted to do today)?
(SDMT) (27), which is considered a gold standard clinical trial
A 9.3 (1erron) B : endpoint for MS-related cognitive dysfunction (28) and was
Tap the buttons using bo & 7 "
@ used in the current study to characterize cognitive status (other
your RIGHT hand.

neuropsychological measures were not used and therefore omitted
in this paper). On the SDMT, participants were provided with a key
of nine symbol-digit pairs. They were instructed to call out numbers
associated with symbols presented in the test stimulus set one at a
time as quickly as they could within 90 s. SDMT measures processing
speed, with higher scores indicating faster processing speed. Raw
scores for SDMT were converted to z-scores using normative data
from Strober et al. (29). For the phone version of EDSS, assessment
of ambulation and functional systems were obtained via self-report
based on procedures outlined in Lechner-Scott et al. (26). EDSS is
the standard method for assessing neurological disability among
persons with MS and ranges between 0 and 10 with 0.5 increments
(e.g., 0 = no disability, 2.5 = mild disability, 6.0 = requiring a walking
aid, 9.0 = confined to bed).

2.4. Ecological momentary assessment
protocol

EMAs were administered using the BiAffect app (23-25), which
was available for download for iOS devices through the Apple app
store. There were four EMAs per day during the 3-week monitoring
period. The first three EMAs each day focused on self-reported
symptom severity in real-time and performance on smartphone-
based cognitive and motor tasks (see Table 1 for details on EMA
measures used in this study) including part B of the Trail-Making
Test (mMTMT-B) (25) and a finger tapping task (30). For the mTMT-
B task, participants were asked to connect and alternate between
numbers and letters consecutively and quickly on the screen (see
Figure 1A). For the mobile finger tapping task, participants were
asked to tap two fingers of the same hand alternatively as quickly
as possible for 10 s; they performed one trial with their right hand
and another trial with their left hand (see Figure 1B). Symptom
severity was based on the Visual Analogue Scale (VAS) (31), which is
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TABLE 2 Demographic and clinical characteristics of the sample.

Age: mean years (SD); range 41.69 (13.39); 20-70

Sex ‘
Female 41 (91.11)

Male 4(8.89)

Education: number (proportion) ‘
High school graduate or fewer years of 4(8.89)

education

Some college with no degree or associate’s 12 (26.67)

degree

Bachelor’s degree 17 (37.78)

Master’s degree 10 (22.22)

Doctoral degree 1(2.22)

Prefer not to answer 1(2.22)
Race/ethnicity: number (proportion) ‘
Non-Hispanic white 33(73.33)
Non-Hispanic black 5(11.11)
Hispanic/Latino(a) 3(6.67)

Asian 3(6.67)

Prefer not to answer 1(2.22)

MS disease course: number (proportion)

Relapsing-remitting 39 (86.67)

Primary progressive 3(6.67)

Secondary progressive 2(4.44)

Not sure 1(2.22)

MS disease duration: mean years (SD); 11.06 (9.30); 4.38 months—29.95 years
range

EDSS

0-2: number (proportion) 5(11.11)

2.5: number (proportion) 12 (26.67)

3.0: number (proportion) 14 (31.11)

3.5-4.5: number (proportion) 11 (24.45)

> 4.5: number (proportion) 3(6.66)

SDMT: z-score (SD) -1.46 (1.34)

MS, multiple sclerosis; SD, standard deviation; EDSS, Expanded Disability Status Scale; SDMT,
Symbol Digit Modalities Test.

commonly used in EMA research, including EMA studies conducted
in MS (6, 7, 11). The last EMA of the day asked for reports that only
required one response per day (e.g., sleep, sense of accomplishment).
Throughout the monitoring period, participants were prompted to
complete EMAs through text messages (with reminders to complete
them on the study app). They were told to complete each EMA within
1 h of the prompt if not exactly at the prompted time. The first three
EMAs were approximately equally spaced in time throughout the day
(first in the morning, second in mid-day/early afternoon, and third
in late afternoon/early evening) based on the participant’s individual
sleep-wake cycle. If a participant had a different schedule for the
weekend, their EMA schedule was adjusted accordingly. The last
EMA of the day was administered about 1-2 h before the participant’s
bedtime.
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TABLE 3 Intraclass correlations (ICCs) for each symptom
rating/performance.

Between- | Between-day
person ICC within
ICC persons
mTMT-B competition time 0.62 0.11
Self-reported cognitive dysfunction 0.59 0.17
Self-reported fatigue 0.62 0.07
Self-reported depressive symptoms 0.66 0.17
Self-reported anxiety 0.64 0.15
Self-reported pain 0.76 0.08
Self-reported number of hours slept 0.54 N/A
Self-reported difficulties falling asleep 0.64 N/A

ICCs were calculated based on null (unconditional) models with only subject and day
random intercepts. Since sleep questions were only administered once per day, there
were no between-day ICCs.

2.5. Statistical analysis

All analyses were conducted in R version 4.2.1. Descriptive
statistics were used to determine demographic and clinical
characteristics of the sample. Multilevel models were used to
examine intraday variability and associations among EMA measures,
in order to account for within-subject and within-day clustering. All
multilevel models included random intercepts for the subject (to
account for within-person clustering) as well as random intercepts
for concatenation of subject and day variables (e.g., day 1 for subject
0001 is 00011, day 2 for subject 0001 is 00012, etc.; to account
for within-day clustering) (32), except for variables collected for
only once per day (i.e., sleep, sense of accomplishment) which
only included the subject’s intercept. All models were fit using the
restricted maximum likelihood approach, which is the recommended
default method by the R packages Ime4 (33) and ImerTest (34).

2.5.1. Compliance to EMA and intraclass
correlations

For the first three EMAs of each day (which were time-
sensitive), we included the responses in the final dataset if the
EMA was completed within 2 h before or after the scheduled
time. If participants completed multiple EMA measures within each
scheduled period, the first complete response was used. For the last
EMA of the day (not time-sensitive), we used the first complete
response submitted after the third time-sensitive EMA. Compliance
was defined as the ratio of completed EMAs within the specified time
periods out of the total number of required EMAs. ICCs for each
symptom rating and performance was calculated based on the null
(unconditional) multilevel models (with only the random intercepts
without fixed effects). ICCs signified the proportions of between-
person (in this case, random variance for the subject ID variable)
and between-day (in this case, random variance for the concatenated
subject and day variable) variances out of the total random variance
for each outcome.

2.5.2. Separating state and trait aspects of
symptom rating/performance

We separated state (how each symptom varied from the
individual’s typical level) and trait (each individual’s typical level
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Intra-day fluctuations of symptom severity. Both objectively and subjectively measured cognition was worse in the morning and end of day compared to
the middle of the day. Anxiety ratings showed the opposite trend and peaked at mid-day. Fatigue ratings increased steadily throughout the day. There
were no significant intra-day variations in ratings of pain and depressive symptoms. Each plot represents predicted values from multilevel models for the
session fixed effect. Error bars represent 95% confidence intervals. mTMT-B, mobile Trail-Making Test part B.

of symptom severity) aspects of each symptom rating/performance
score using participant-mean centering (35). First, for each
symptom rating/performance, the scores for different EMA
sessions were averaged within each participant, creating the
participant means which were also the trait aspect of that symptom
rating/performance (e.g., each individual’s typical level of depressive
symptoms). Then, we centered each EMA score around the
participant mean; this was the state aspect of each symptom
rating/performance for each EMA session (e.g., when depressive
symptoms were more or less severe than the individuals typical
level of depression). For self-reported difficulties falling asleep,
since it is a binary variable (not continuous), we did not separate
their state and trait aspects because there were no “participant
means.”

2.5.3. Intra-day fluctuations in symptom severity

Multilevel models were conducted to evaluate symptom
fluctuations over time. In these models, each MS symptom
rating as well as mTMT-B completion time were outcomes,
and session number was fixed effect predictor. For mTMT-B,
the model was adjusted for age, mean bilateral finger tapping
performance (number of taps), state and trait upper extremity
weakness rating, and measurement number (to account for
practice effects). For self-reported symptom ratings other than
depressive symptoms (self-reported cognitive dysfunction, fatigue,
anxiety, pain, and sleep), models were adjusted for state and
trait depressive symptom ratings (to account for response bias
due to depression).

Frontiers in Medicine

2.5.4. Real-time associations between symptom
ratings and cognitive functioning in real time

Multilevel models were used to determine real-time associations
between non-cognitive symptom ratings (fatigue, depression, anxiety,
pain, and sleep; state and trait aspects of each symptom as well as their
interactions as fixed effect predictors in each model) and measures
of cognition (mTMT-B completion time and self-reported cognitive
dysfunction; each as outcome in separate model). As in previous
models, models with mTMT-B completion time as outcome were
adjusted for age, mean bilateral finger tapping performance, state and
trait upper extremity weakness rating, and measurement number.
Models with self-reported cognitive dysfunction rating as outcome
were adjusted for state and trait depressive symptom ratings.

2.5.5. Real-time associations between cognitive
functioning and self-reported sense of
accomplishment in real time

Multilevel models were used to examine real-time associations
between cognitive functioning (mTMT-B and self-reported cognitive
dysfunction) and perceived sense of accomplishment, with state
and trait aspects of the former as fixed effect predictors and latter
as outcome. Models were adjusted for state and trait depressive
symptom ratings.

2.5.6. Multiple comparison corrections

Since each set of analyses answered an independent question,
we adjusted for multiple comparisons using Bonferroni correction
for each outcome separately (instead of adjusting for all models
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TABLE 4 Model estimates for intra-day symptom fluctuations.

95%
confidence
intervals

Standardized
coefficient

Contrast

mTMT-B completion time

Session 2 vs. session 1 —0.17 —0.23to —0.11 < 0.001*
Session 3 vs. session 1 —0.06 —0.12 to 0.00 0.041
Session 3 vs. session 2 0.10 0.04 t0 0.17 < 0.001*
Self-reported cognitive dysfunction

Session 2 vs. session 1 —0.05 —0.10 to 0.01 0.076
Session 3 vs. session 1 0.03 —0.03 to 0.08 0.334
Session 3 vs. session 2 0.07 0.02 t0 0.13 0.008*
Self-reported fatigue

Session 2 vs. session 1 0.07 0.01t00.13 0.025
Session 3 vs. session 1 0.21 0.15t0 0.27 < 0.001*
Session 3 vs. session 2 0.14 0.07 to 0.20 < 0.001*
Self-reported depressive symptoms

Session 2 vs. session 1 0.02 —0.03 to 0.08 0.412
Session 3 vs. session 1 0.04 —0.01to 0.10 0.111
Session 3 vs. session 2 0.02 —0.03 t0 0.08 0.461
Self-reported anxiety

Session 2 vs. session 1 0.12 0.07 to 0.18 < 0.001*
Session 3 vs. session 1 0.06 0.01t00.11 0.020
Session 3 vs. session 2 —0.06 —0.12 to -0.01 0.025
Self-reported pain

Session 2 vs. session 1 0.03 —0.01to 0.07 0.162
Session 3 vs. session 1 0.05 0.01 to 0.09 0.026
Session 3 vs. session 2 0.02 —0.03 to 0.06 0.436

All models included random intercepts for subject and an aggregated subject and day variable.
Models with mTMT-B as outcomes included age, mean bilateral finger tapping performance,
state and trait upper extremity weakness rating, and measurement number as fixed effects.
Models with self-reported symptom ratings other than depressive symptoms included state and
trait depressive symptom ratings as fixed effects. mMTMT-B, mobile Trail-Making Test part B.
*Denotes significant comparisons at Bonferroni-corrected p = 0.008 level.

conducted in the study). For intra-day variation in symptoms (section
“2.5.3. Intra-day fluctuations in symptom severity”), associations
between non-cognitive symptoms and mTMT-B performance
(section “2.5.4. Real-time associations between symptom ratings
and cognitive functioning in real time”), and associations between
non-cognitive symptoms and self-reported cognitive dysfunction
(section “2.5.4. Real-time associations between symptom ratings and
cognitive functioning in real time”), six models were conducted
for each question, so the Bonferroni-corrected p-value threshold is
0.05/6 = 0.009. For predictors of sense of accomplishment (section
“2.5.5. Real-time associations between cognitive functioning and
self-reported sense of accomplishment in real time”), two models
were conducted, so the Bonferroni-corrected p-value threshold
5 0.05/2 = 0.025.

3. Results

The study sample consisted of 45 participants with MS, who
completed 3,174 EMA sessions across the 3-week monitoring
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period. Compliance to EMA was 84%. Table 2 summarizes
demographic and clinical characteristics of the sample. The sample
was, on average, middle-aged and consisted of primarily females
and non-Hispanic whites. Majority of the sample completed
at least some college. Relapsing-remitting disease course was
the dominant phenotype. Disease duration was heterogenous,
ranging between several months to almost 30 years. Based on
self-report, most participants had EDSS scores between 2.5
and 4.5, which signified the ability to ambulate without aid
with some degrees of limitation. Compared to a normative
sample, participants in this study had mild to moderate
processing speed impairment (z-score approaching 1.5 standard
deviations below the mean). Between-person and between-
day ICCs based on unconditional multilevel models for each
symptom rating/performance are summarized in Table 3. Across
symptoms, approximately two-thirds of the random variance
was attributed to between-person variability relative to within-
person variability. Between-day variability was small within each

person.

3.1. Intra-day fluctuations in symptom
severity

Figure 2 illustrates intra-day fluctuations in various MS
symptom severity, and Table 4 summarizes the associated model
estimates. mMTMT-B completion time and fatigue ratings showed the
most variation across sessions each day. Anxiety ratings showed
significant variation in the earlier part of the day (sessions 1 vs.
2), while self-reported cognitive dysfunction showed significant
variation in the latter part of the day (sessions 2 vs. 3).
Depression and pain ratings did not significantly vary across the
day.

3.2. Real-time associations between
symptom ratings and cognitive
functioning

Figure 3 illustrates real-time associations between non-
cognitive symptom ratings and mIMT-B performance, and
Table 5 summarizes partial model estimates for the state and
trait symptom variables (see Supplementary Table 1 for full
illustrates real-time associations

model estimates). Figure 4

between non-cognitive symptom ratings and self-reported
cognitive dysfunction rating, and Table 6 summarizes partial
model estimates for the state and trait symptom variables (see
Supplementary Table 2 for full model estimates). Among all
non-cognitive symptom ratings (both state and trait), only
more severe state depressive symptoms were associated with
slower mTMT-B completion time. On the other hand, for
self-reported cognitive dysfunction, state fatigue, depressive
symptoms, anxiety, and pain were all significant predictors,
with higher severity in non-cognitive symptoms correlating
with more severe self-reported cognitive dysfunction. None
of the trait symptom levels, except for depressive symptoms,
significantly  associated ~with  self-reported

were cognitive

dysfunction.
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random intercepts; and age, mean bilateral finger tapping performance, state and trait upper extremity weakness rating, and measurement number as
fixed effects. mTMT-B, mobile Trail-Making Test part B. Error bands represent 95% confidence intervals.

3.3. Real-time associations between
cognitive functioning and perceived sense
of accomplishment in real time

There was a statistical trend of lower level of state self-
reported cognitive dysfunction (but not trait) correlating with
higher perceived sense of accomplishment. Neither state nor trait
mTMT-B completion time was associated with perceived sense of
accomplishment. See Table 7 for model estimates.

4. Discussion

The current study examined real-time cognitive functioning
among persons with MS using EMA. It is the first MS EMA
study to include objectively measured cognitive functioning—
in this case, executive functioning—in real-time. We found that
when fatigue, depression, anxiety, and pain were more severe
than the individual’s usual levels (“state” as opposed to “trait”),
the individual reported more cognitive dysfunction. In contrast,
objectively measured executive functioning seemed specifically
sensitive to state depressive symptoms. Further, there was a trend
that self-reported cognitive dysfunction predicted lower perceived
sense of accomplishment more than objectively measured executive

Frontiers in Medicine

dysfunction. These results demonstrated divergent factors that
influence subjectively and objectively measured cognitive functioning
in real time and is the first of such investigation in the MS population.
Our results confirmed cross-sectional studies linking cognition with
fatigue, depression, anxiety, and pain among persons with MS (36—
40), and further extended these studies by establishing real-time
associations (more temporally precise) within the real-life context
(more ecologically valid).

Results of the current study illustrated the importance of
assessing state, and not just trait, aspect of each symptom when
considering inter-symptom relationships. We found many significant
associations with state variables and almost none with trait
variables. This may explain why there were inconsistent findings
among cross-sectional studies (focusing on trait), where sometimes
certain MS symptoms were associated with other symptoms and
sometimes such associations were absent. Only an EMA framework
enables investigations into state variations in symptoms. This study
confirmed the feasibility of utilizing EMA to assess a range of MS
symptoms within the real-world context and showed comparable
compliance rates (> 80%) as previous, albeit limited number of,
studies (7, 11). Thus, it may be feasible to integrate this form of
assessment into routine clinical practice. Current standard of MS care
involves once-per-year evaluations, which do not take into account
of symptom variability between visits. Even when providers ask
about these variations, the responses are likely influenced by recall
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TABLE 5 Model estimates for real-time associations between
non-cognitive symptom ratings and mTMT-B performance.

Standardized | 95% confidence | P-value
coefficient intervals

State fatigue 0.03 —0.004 to 0.05 0.183
Trait fatigue —0.05 —0.21 t0 0.12 0.581
State depressive 0.08 0.04 to 0.12 < 0.001*
symptoms
Trait depressive —0.04 —0.19t0 0.11 0.605
symptoms
State anxiety —2.44 x 1079 —0.04 t0 0.03 0.776
Trait anxiety —0.13 —0.30 to 0.05 0.160
State pain —8.14 x 1079 —0.04 t0 0.02 0.096
Trait pain —0.09 —0.29t0 0.10 0.349
State number of hours —0.02 —0.05 to 0.00 0.899
slept in prior night
Trait number of hours —0.12 —0.26 to 0.02 0.104
slept in prior night
Difficulties falling asleep 0.08 0.002 to 0.16 0.045
in prior night (yes vs. no)
in prior night

State and trait aspects of each symptom was tested together in the same model (along with their
interaction). All models included random intercepts for subject and an aggregated subject and
day variable; and age, mean bilateral finger tapping performance, state and trait upper extremity
weakness rating, and measurement number as fixed effects. mTMT-B, mobile Trail-Making Test
part B. *Denotes significant comparisons at Bonferroni-corrected p = 0.008 level.

bias, especially for a population with known memory impairment
such as MS. Other disciplines such as sleep medicine have already
demonstrated the clinical feasibility and utility of EMA in the form

10.3389/fmed.2022.1049686

of sleep diaries that patients have to complete daily for 1-2 weeks.
Therefore, it is feasible for such practice to be integrated into MS care,
particularly with aid from mobile technologies.

Remote monitoring of neurologic and cognitive symptoms using
EMA and smartphone-based cognitive assessment may be extended
to other populations as well. Such investigations have already begun
in populations such as individuals with HIV (41) and Parkinson’s
disease (42). Besides subjective EMA surveys and smartphone-based
cognitive assessments, objective data on motor fluctuations (43) and
psychological symptoms (44) can also be gathered using smartphone
sensors in the ambulatory setting. These methods are not dissimilar to
established remote monitoring practices used in cardiac (e.g., Holtzer
monitor) and diabetes (e.g., continuous glucose monitoring) care. In
the age of personalized medicine, remote monitoring will provide
patients and clinicians with real-world, temporally rich data needed
for individualized treatments and recommendations.

Inclusion of both subjectively and objectively measured cognitive
functioning is a strength of the current study. Previous MS studies
have found that subjective and objective cognitive functioning do
not always correlate (17, 18), and subjective appraisal of one’s own
cognition relates more strongly to affective symptomology (especially
depression) than objective performance (18, 45). Our results help
delineate differential factors that influence subjective and objective
cognitive outcomes in real time. Further, given the known association
between depression and subjective symptom reports (18, 45), we
controlled for depression (both state and trait) in analyses with
subjective symptom reports as outcomes. Thus, we can conclude
that in addition to the clear associations between state depressive
symptoms and cognitive dysfunction, state fatigue, anxiety, and pain
symptoms were also related to self-reported cognitive deterioration
in real time, independent of depression status.
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In contrast, objectively measured executive dysfunction was
only related to state depressive symptoms, independent of upper
extremity motor functioning. It is possible that the self-report
question captured a broader sense of cognitive dysfunction than the
objective measure (mIT'MT) which specifically tapped into processing
speed and executive functioning. Our results were consistent with
prior MS literature that found a particularly unique association
between depression and executive functioning (46-48).

Only one research group has examined a range of MS symptoms
using EMA with an adequate sample size (6, 7, 16), while others
focused on fatigue (11, 15, 49) or had a very limited sample size
(8). We found that fatigue most consistently increased in severity
throughout the day, which was consistent with a prior study (7).
Further, we found significant inter-symptom associations especially
among self-report measures, which was also concordant with the
prior literature (16). Compared to works by this research group (6,
7, 16), the present research further added an objective cognitive
measure and self-report of anxiety symptoms, which had not been
previously investigated using EMA in MS.

Of note, the current study focused on deviations in symptom
severity from the individual’s typical level (state vs. trait) and not
absolute levels. This is an important context for the objective
cognitive outcome (MTMT-B) used in this study because we were
unable to determine whether individual instances of decline were
clinically significant. In fact, there are currently no well-validated
mobile cognitive measures with robust norms that take into account
of repeated measurements and allow users to determine level of
clinical impairment or decline. This is an area requiring future
investigations. One promising effort is the National Institute on
Aging (NIA)-funded Mobile Toolbox (50), which consists of a
suite of mobile tasks validated against gold standard measures with
population norms generated. The project is currently in its beta
testing phase and will be eventually made available to external
researchers. That being said, the current study’s version of mTMT-
B has been validated with the traditional paper-and-pencil version
of TMT in a small sample (25), and practice effects were accounted
for in our analyses. For subjective measures, we used the VAS
(31) as frequently used in other EMA investigations. But unlike
cross-sectional self-report measures with established clinical ranges,
severity levels as determined by the VAS are individualized and their
relations to other disease characteristics are unknown. Thus, we
focused on changes in symptom severity from individual’s typical
levels as determined by the VAS.

The current study is limited by the relatively low levels of
symptom severity reported by our sample. On average, participants
were reporting symptom levels below 4 on a 10-point scale. This
may be due to the fact that many of our participants had relatively
chronic and stable disease course. Future studies should aim to
recruit participants with more active disease in order to fully capture
intra-day clinical fluctuations. That being said, even with relatively
low levels of symptom severity, we still found significant intra-day
fluctuations in objective cognitive performance and fatigue ratings.

Anther limitation is the predominance of female sex and
relapsing-remitting disease course within our sample, which is
consistent with prevalence rates in the general MS population but
may restrict our ability to generalize our findings to minority
populations such as males with MS and those with progressive disease
courses. Future studies may consider oversampling these minority
groups to confirm our findings.
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TABLE 6 Model estimates for real-time associations between
non-cognitive symptom ratings and self-reported cognitive dysfunction.

Standardized 95%
coefficient | confidence
intervals
State fatigue 0.17 0.15 to 0.20 < 0.001*
Trait fatigue 0.20 —0.03 to 0.42 0.066
State depressive symptoms 0.12 0.08 to 0.16 < 0.001*
Trait depressive symptoms 0.27 0.10 to 0.43 0.005*
State anxiety 0.08 0.05t0 0.11 < 0.001*
Trait anxiety —0.08 —0.37t0 0.20 0.493
State pain 0.07 0.04 to 0.10 < 0.001*
Trait pain —0.03 —0.27t0 0.21 0.806
State number of hours slept 6.61 x 1079 —0.02 to 0.04 0.253
in prior night
Trait number of hours slept —0.07 —0.27t0 0.13 0.361
in prior night
Difficulties falling asleep in —0.02 —0.10 to 0.06 0.620
prior night (yes vs. no) in
prior night

State and trait aspects of each symptom was tested together in the same model (along with
their interaction). All models included random intercepts for subject and an aggregated subject
and day variable (except for sleep variables which only included the subject intercept) and
state and trait depressive symptoms as fixed effects. *Denotes significant comparisons at
Bonferroni-corrected p = 0.008 level.

TABLE 7 Model estimates for real-time associations between cognitive
functioning and self-reported sense of accomplishment.

Standardized 95%
coefficient | confidence
intervals

State mMTMT-B completion —3.17 x 1079 —0.04 to 0.04 0.608
time

Trait mTMT-B completion —0.15 —0.34 to 0.04 0.120
time

State self-reported cognitive 0.04 0.00 to 0.07 0.027*
dysfunction

Trait self-reported cognitive —0.14 —0.35 to 0.07 0.205
dysfunction

State and trait cognitive functioning was tested together in the same model. All models included
subject as random intercepts and state and trait depressive symptoms as fixed effects. *Denotes
statistical trend (at Bonferroni-corrected p = 0.025 level).

Further, there may be a selection bias in our sample since
only iPhone users were eligible for our study. While smartphone
use is fairly ubiquitous in the U.S. [85% of Americans own
smartphones (51)], there may be socioeconomic differences among
individuals who use iPhones compared to Android devices. Finally,
while EMA is advantageous over retrospective self-report because
it minimizes recall bias, it is important to note that besides the
mTMT-B and finger tapping tasks, all other symptoms were evaluated
subjectively. Future studies may explore real-time objective measures
for mood and fatigue through smartphone (e.g., GPS, call/text
logs) and other wearable sensors (e.g., heart rate, skin conductance,
sleep patterns).

In conclusion, the current study was the first to identify divergent
factors that influence subjectively and objectively measured cognitive
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functioning in real time. While self-reported cognitive dysfunction
was associated with a range of non-cognitive symptoms and self-
reported sense of accomplishment, objectively measured executive
functioning was only associated with depressive symptoms. Notably,
we found that only state aspects of non-cognitive MS symptoms (and
not trait) were associated with cognitive fluctuations, which supports
the use of EMA in MS symptom monitoring.
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