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Telehealth nursing interventions
for phenotypes of older adults
with COPD: an exploratory study
A. Arnaert1*, A.M.I. Ahmed1, Z. Debe1, S. Charbonneau2 and S. Paul1
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Introduction: Inconclusive results exist around the effectiveness of telemonitoring
for patients with COPD, and studies recommended conducting subgroup analyses
to identify patient phenotypes that could benefit from these services. This
exploratory study investigated what type of COPD patients were receiving which
type of telenursing interventions more frequently using the telemonitoring platform.
Methods: A sample of 36 older adults with COPD were receiving telenursing
services for 12 months and were asked to answer five COPD-symptom related
questions and submit their vital signs daily.
Results: Findings revealed two phenotypes of older adults for whom the frequency
of telenursing calls and related interventions differed. Although no statistically
significant differences were observed in participants’ GOLD grades and
hospitalizations, cluster one participants used their COPD action plan significantly
more frequently, and were in frequent contact with the telenurse.
Discussion: It is paramount that further research is needed on the development of
patient phenotypes who may benefit from telemonitoring.

KEYWORDS

telenursing interventions, telemonitoring, older adults, phenotypes, chronic obstructive

pulmonary diseases, exploratory research

Introduction

Although the use of telehealth technologies and services has accelerated during the

COVID-19 pandemic, the provision of remote healthcare is not a new phenomenon (1).

Prior to the pandemic, ample evidence exists that telehealth is beneficial for specific uses

and patient populations. More specifically, results have shown that the provision of

telehealth nursing interventions through a variety of commercial-available telemonitoring

platforms for chronic disease management, are associated with a reduction in

hospitalizations, emergency room (ER) visits, and mortality (2), improved clinical

outcomes, patient perceived health-related quality of life (HRQoL), and overall

management of the disease (3).

Nevertheless, for patients with Chronic Obstructive Pulmonary Disease (COPD), an

overview of systematic reviews and meta-analyses have demonstrated insufficient evidence

to support the effectiveness of telemonitoring interventions on mortality, quality of life

(QoL), exercise capacity, exacerbation-related outcomes, and cost-effectiveness (4, 5). A

plausible reason for these inconclusive results is, according to the authors, that these

synthesized studies on the topic of telemonitoring and COPD vary in scopes, qualities,

and outcomes (4). Interestingly, among the suggestions for future research, authors

recommended conducting subgroup analyses to identify COPD patient segments or

phenotypes that could benefit from telemonitoring (4, 5). More specifically, correctly

identifying “who the ideal COPD patient is, at what time patients need telemonitoring,
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and for how long” is needed as the “one glove fits all” approach is

too simplistic for this patient population (6). This recommendation

seems evident as COPD is a heterogenous chronic condition, and

defining subpopulations from a clinical, physiologic, and

radiologic presentation permit to provide personalized healthcare

(7–9). Rassouli et al. (10) stated that telehealth is feasible for

patients with COPD Global Initiative for Chronic Obstructive

Lung Disease (GOLD) score B-D, age ≥40 years of age and have

ability to use the technology. A Danish trial study concluded that

across the COPD severities, patients with severe COPD GOLD 3

are likely to be the most cost-effective group for telehealth (11).

When focusing only on patients with severe airflow limitations

and severe COPD exacerbations histories in the preceding year,

a systematic review found that adding telemonitoring to usual

care reduced unnecessary ER visits but would not prevent

hospitalizations due to COPD exacerbations (12). For patients

with a past acute COPD history, findings of a meta-analysis

indicated that telemonitoring services for a duration of more

than 12 months reduces exacerbation-related rehospitalizations

and ER visits (13).

Answering the question “what type of COPD patient” may

benefit from telehealth is key; however, equally important is

defining the “type of telehealth nursing interventions” needed to

support COPD self-management. Albeit not for COPD patients,

Wakefield et al. (14) specified the type of nursing interventions

for patients with diabetes and hypertension using telemonitoring.

Most frequently, telenurses are providing lifestyle information

and education to patients, and are communicating with the

primary care provider. These findings were supported by a

systematic review which indicated that telenurses are providing

patient education and follow-up care, and are supporting patient

empowerment (15). When evaluating a home telehealth nursing

service, called “Telesenior”, in Belgium, Arnaert et al. (16, 17)

have investigated “what type of homebound older adults needed

what type of video-supported telehealth nursing intervention”.

Although various segments of seniors could be identified,

findings revealed that patients who were older, widowed, lived

alone, had financial problems, and used several health and social

services benefited significantly from the telehealth nursing

interventions. Seniors used the system mainly for social contact,

physical and psycho-social health-related questions, financial

issues and for social-administrative issues (18). To the authors’

knowledge, no studies have defined phenotypes of COPD

patients and the associated nursing services offered to these

subpopulations. Hence, the purpose of this exploratory study was

to investigate, in view of better COPD self-management, what

type of COPD patients were receiving which type of telenursing

interventions more frequently using the telehealth monitoring

platform. The research questions are: (1) With regard to the

delivery of appropriate telenursing services, is it still meaningful

to speak about “the” COPD patient? and (2) Is it possible to

define specific phenotypes of older adults with COPD and draw

conclusions about their appropriate telehealth nursing

interventions? According to Han et al. (19) a COPD phenotype

is defined as “a single or combination of disease attributes that

describe the difference between individuals with COPD according
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to their clinical meaningful outcomes, such as exacerbations,

symptoms, etc.”
Integrated telehealth nursing services

Once patients agreed to participate in the telemonitoring

project, the research assistants scheduled a one-hour telephone

appointment to install and educate patients on how to use the

telemonitoring platform on a mobile device or desktop

computer. All patients were provided with a traditional finger

pulse oximeter, and those who did not have a mobile device, or

their computer was outdated, received a project tablet computer.

The AlayaCare telemonitoring platform is a cloud-based

application that has the capability of secure, high-quality

videoconferencing and remote physiological monitoring, based

on input data from patients using peripherals. In this study,

COPD patients were asked, according to their individualized care

plan, to enter and submit manually to the telenurse, in real time,

their clinical data through the platform. More specifically, the

protocol required that patients submit both their blood oxygen

saturation (SpO2) levels and pulse daily during a 12-months

period, and to answer five specific COPD-related questions.

Participants could enter their pulse and oxygen levels multiple

times during the day and night; however, it was required to

complete the questions with different answer categories once

every day. The following questions were: How would you describe

your level of shortness of breath (SOB) today? How many times

did you spit today? What color was your spit today? Was your

spit thicker than usual? How often did you cough today? Tailored

patient education material was made available on the system to

support them and complement their knowledge regarding

lifestyle changes. When a measurement of clinical data was

outside of expected patient-specific parameters, the telenurse

would contact the patient, provide the necessary interventions,

and if needed communicate with the interdisciplinary team at

the COPD clinic of a local community hospital. The telenurse

and members of the COPD team, two pneumologists and one

COPD clinic nurse had access to the telemonitoring platform,

however, only the clinic nurse used the system in her clinical

practice. After each intervention, all clinicians would complete

the interdisciplinary notes on the platform to enhance patient

information exchange and continuity of care. The telenurse was a

community health nurse who received training on the use of the

platform, the COPD disease, and management at the clinic. An

overview of the system flow is provided in Figure 1.
Materials and methods

Sample and recruitment

This project obtained ethics approval (SMHC # 19-11) in July

2019; however, due to technical platform issues in September 2019,

the start of the project was postponed to February 2020.

Subsequently, due to the COVID-19 outbreak in March 2020, the
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FIGURE 1

Overview of system flow.

TABLE 1 Overview of participants’ responses to the 6 questionnaires.

Questionnaires Paricipants with
at least 1/2/3
complete

questionnaires

Total
actuala/

expectedb

responses

Missing
questionsc

VAS-QOL 36/29/24 89/108 0

EQ 5D-5l 34/29/23 86/108 0

HADS 34/29/25 88/108 1

Loneliness 34/29/24 87/108 11

PRQ2000 33/30/24 87/108 0

SGRQ 33/28/23 84/108 4

aActual responses from all participants from T0, T1, T2.
bExpected responses if all questionnaires were answered by all participants over T0,

T1, T2.
cMissing questions are the total number of questions not answered in a

questionnaire.
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patient recruitment process started in June 2020. A sample of 140

patients who had a COPD diagnosis classified as 2 (mild to

moderate), 3 (severe) or 4 (very severe) according to the staging

system of the GOLD, and were followed by the pneumologists at

the local community hospital, were selected by the COPD clinic

nurse. Research assistants would phone all patients to explain the

project and verify if they are eligible and would be interested to

participate. In addition to the clinical eligibility criteria, the

patients needed to speak French or English, be willing to be

audiotaped and sign the consent. Patients with dementia or

suffering from a severe mental illness were excluded. The

recruitment of potential participants was done progressively over

several months, and a purposive sample of 36 patients were

recruited and received telenursing services for a duration of 8 to

12 months.
Data collection

Patient data were gathered from (a) Patient daily

questionnaires, (b) Automated alerts sent to the telemonitoring

platform, with high level alerts requiring intervention due to

participant input values below threshold for SpO2 (less than

88%) and/or heart rate (less than 55 BPM and higher than

110 BPM) values. (c) Telenurses’ interdisciplinary notes

observing interactions with patients and types of intervention,

(d) Participant’s self-reported medical history, (e) Participants

responses to 6 HRQoL questionnaires at the start of the project

(T0 Baseline) and subsequently every 4 months thereafter (T1

Mid Project and T2 End Project). The questionnaires used were

(a) the Visual Analog Scale QoL (VAS-QoL) (20), (b) the EQ

5D-5l Questionnaire (21), (c) Hospital Anxiety and Depression

Scale (HADS) (22, 23), (d) de Jong-Gierveld Loneliness Scale (24,

25), (e) the Personal Resource Questionnaire (PRQ2000) (26, 27),

and (f) St. George’s Respiratory Questionnaire (SGRQ) (28, 29).

Table 1 presents an overview of responses to each of the

questionnaires. At T0 Baseline, all participants completed a

socio-demographic survey, and all questionnaires were available

in both English and French.
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Statistical methods and analysis

The Principal Components Analysis (PCA) mathematical

approach on repeated measures data (T0, T1, T2) was applied

to investigate the structure of the properties measured by the

assessment scales (30, 31). It allows to reduce the

dimensionality of the dataset, while conserving as much as

possible the statistical information (32). This paper separates

the PCA application into two iterations, as shown in the data

flow Figure 2. The summative or Likert scaling model was

used to arrive at an aggregate index if the underlying

construct was one-dimensional (33). Prior to conducting the

PCAs, the answer categories of the scale-items were reversed

(ex. a score from 1 to 5) for consistency across instruments, so

that high values always implied a more favorable attitude

toward some issue. Dealing with missing values prior to the

Global PCA was central, and retaining as much of the data as

possible, without erroneously affecting the results, was

essential given the low study sample size. To overcome this

issue without discarding participant records, the regularized

PCA mathematical approach was used to replace the missing

values (34). The Multiple Imputations (MI) technique (34–36)

was applied with the R software packages of FactoMineR (37)
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FIGURE 2

Overview of data flow.
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and missMDA (38), and used as a sensitivity analysis tool

verifying the imputed results. MI allows to derive several

other plausible replacements of the missing values, checking

for the results’ stability. Hierarchical Clustering with Ward’s

method and the Euclidean distance measure were applied

on the standardized values of the global indices to divide

the participants into phenotypes (39–41).

Various statistical tests were used to a) compare the

phenotypes and b) draw conclusions about the usage of

telenursing interventions and its effect on HRQoL.

Independent tests were applied to compare phenotypes. The

independent t-test was used to assess continuous variables, and

are presented as mean ± standard deviation with 95%

confidence interval. If Levene’s test of unequal variances was

statistically significant, the Welch’s t-test two-sided p-value was

reported instead. The Chi-Square test was applied for

categorical variables (presented as a proportion) such as

demographic, clinical characteristics and comorbidities. The

non-parametric Mann-Whitney U test was performed for

ordinal global indices, presented as min, median, max,

interquartile range; the asymptotic p-values were reported.

Paired tests were implemented to evaluate the HRQoL between

T0, T1, and T2. For all ordinal derived aggregated global

indices, the Wilcoxon Signed Rank was used as a non-

parametric test, and the paired t-test was applied on the

continuous VAS scores. For all tests, a p-value <0.05 was

statistically significant. To further assess the magnitude of

differences for both independent and paired tests, the

appropriate effect size calculations were implemented based on

the type of statistical test applied. Hedge’s d was reported for

the parametric t-tests, while the adjusted calculations for the

transformed Cohen’s d were reported for the non-parametric

Mann-Whitney and Wilcoxon Signed Rank tests (42–44). The

statistical package SPSS (45) and online tools of AI-Therapy

Statistics (46) and Psychometrica (47) were used for calculations.
Frontiers in Digital Health 04
Results

Functional PCA results

As shown in Figure 2, the PCA technique was applied on

two iterations. Prior to the second iteration of the Global PCA,

the techniques of regularized PCA and MI were used to deal

with and justify the replacement of missing values. The initial

PCA application was performed on each instrument individually,

named “Functional PCA”, which used the patient responses of

each of the 5 questionnaires (EQ 5D-5l, HADS, Loneliness,

PRQ2000, and SGRQ), consisting of a total of 92 items, and

resulted in “19 Functional Indices”. Each questionnaire’s

Functional PCA application was relatively straightforward,

however, the 51-item SGRQ questionnaire, as displayed in a 2D

projection in Figure 3, was more challenging, and as such

separated into two clinically meaningful parts A and B using an

iterative PCA approach and evidence from rotated factor

loadings. Part A presents “activities”, and part B the “respiratory

symptoms and impact”, as supported by the American Thoracic

Society (48).

In order to aggregate all SGRQ activity-related questions

(SGRQ Part A) meaningfully, the analyses were based on the

findings from Monjazebi et al. (49) and Takechi et al. (50), who

identified three sub-categories for Activities of Daily Living

(ADL) for patients with COPD and with dementia respectively:

Basic-ADL (clothing and bathing), Instrumental-ADL (shopping

and food preparation), and Advanced-ADL (hobbies and

working). As shown in Table 2, for SGRQ Part A, the 22-items

were aggregated into the four functional indices: SGRQ VBADL

(Very Basic), SGRQ BADL (Basic), SGRQ IADL (Instrumental),

and SGRQ AADL (Advanced).

The analysis of Part B of the SGRQ resulted in three distinct

functional indices: SGRQ-RS (Respiratory symptoms), SGRQ-SP

(COPD Self-perception of Chest Condition), and SGRQ-MD
frontiersin.org
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TABLE 2 Aggregation of the SGRQ part A into 4 functional indices.

Group Topics Total #
questions

Functional
index

1 Mobility, physical ambulation 2 SGRQ-VBADL

2 Bathing, dressing 7 SGRQ-BADL

3 Shopping, entertainment &
recreation

4 SGRQ-IADL

4 Housework 2 SGRQ-IADL

5 Sports 2 SGRQ-AADL

6 Moderate to heavy activities (e.g.,
gardening, shoveling snow, etc.)

4 SGRQ-AADL

7 Job-related activities 1 SGRQ-AADL

FIGURE 3

2D projection of the 51-item SGRQ.
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(Medication) (see Table 3). Figure 4 presents all SGRQ functional

indices in a 3D visualization.

For all questionnaires, the eigenvalue-one criterion (EV≥ 1)

was used to select the indices; occasionally some indices with an

EV < 1 were retained if they provided meaningful insights (50).

For example, regarding the indices BADLs and IADLs which had

high factor loadings on one component, as reflected in their

closeness in Figure 4 left, the decision was made to keep them

separately as it was more clinically meaningful, although it

resulted in a component with EV < 1. Varimax orthogonal

rotation was applied on all questionnaires to aid clarity and

interpretability of the relationship between data and the

identifiable principal components (51, 52). The resulting Kaiser-

Meyer-Olkin (KMO) values were greater than 0.7, and thus

classifications are between “middling” to “meritorious” (53).
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Moreover, as shown in Table 3, Bartlett’s test of sphericity was

statistically significant with p-values <0.001, indicating likely

factorizable data.
Global PCA results

Subsequently to the Functional PCA, a Global PCA was

conducted on all “19 Functional Indices” collectively. Instead of

looking at each of the questionnaires separately, the goal was

now to obtain a global insight of all extracted functional indices

combined, leading to “13 new Global Indices” (see Table 4). The

KMO value was 0.800 and Bartlett’s test p-value was <0.001,

indicating the applicability of PCA. Varimax orthogonal rotation

was used, and the most interpretable and clinically relevant final

indices were maintained, and the total variance explained was

93.588%.
Dealing with missing values

Of the 36 participants, only two answered the VAS (see

Table 1), and thus not included in the PCA applications. The

remaining 34 patients had answered most questionnaires at

baseline (T0); however, as shown in Table 1 the number of

participants completing the questionnaires over the three time

periods decreased over time, which required the need to

recover as much as possible of the data without erroneously

influencing the results. Out of the 34 patients, six had responses
frontiersin.org
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TABLE 3 Statistical test results of the initial PCA with 19 functional indices.

Questionnaires KMO value Bartlett’s test Extracted components / functional indices Total variance explained
EQ 5D-5l 0.778 <0.001 3 86.240%

HADS 0.826 <0.001 3 59.537%

Loneliness 0.715 <0.001 3 83.286%

PRQ2000 0.847 <0.001 3 63.363%

SGRQ-A 0.747 <0.001 4 79.094%

SGRQ-B 0.720 <0.001 3 87.724%

FIGURE 4

3D projections of SGRQ part A (left), and all 7 SGRQ functional indices (right).
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for some questionnaires but not others, while two of them

had multiple missing responses at different timepoints. Thus,

there was a total of 8 questionnaires with no responses for all six

patients. Table 5 shows an example where Patient 1 has not

answered the EQ 5D-5l questionnaire at T0, Patient 2 has

not answered the SGRQ at T1, and only answered the EQ 5D-5l

at T2. Using the regularized PCA mathematical approach,

missing values were therefore replaced for Patient 1 at T0 and

Patient 2 at T1. However, following a selection criterion to

impute the missing records, Patient 2 scores at T2 were

discarded as there was only one complete questionnaire.

Otherwise, the imputations for this high number of missing

responses were hypothesized to lead to inaccurate results. To

conclude, the imputations were applied for 5 patients and a total

of 6 questionnaires that fit to the hypothesized MI criterion.

To perform a sensitivity analysis and verify the effect of our

imputed values on the Global PCA results, the Multiple

Imputations (MI) method was used. This method generates

several other plausible values for the missing ones, providing

information if small or large changes would occur in the Global

PCA results. Figure 5 visualizes a 2D projection of the MIs on

the Global PCA and shows that if other plausible values were

chosen instead of the selected imputed replacements, the Global
Frontiers in Digital Health 06
PCA would still lead to the same results over the first 2 PCA

dimensions. This in turn provides confidence in our imputed

values and their relatively stable effect on the final 13 Global

Indices.
Hierarchical clustering results

Following the identification of the Global Indices,

Agglomerative Hierarchical Clustering was implemented and

visualized using the R software (54–57) on the 13 Global Indices

and VAS scores for all participants at T0; except for one

participant where the T1 scores were used as almost all

questionnaires were missing at baseline (and thus not imputed in

above MI). The cluster 2D visualization, as shown in Figure 6,

represents 2 heterogeneous and balanced clusters with a

homogeneous population within each cluster, meaning 2 distinct

COPD patients’ phenotypes. Although the elbow plot and

silhouette methods have shown that a 3-cluster solution could be

justified, a decision was made to retain 2 clusters of

participants due to the low number of available data points in

this study. Two clusters provide more accurate, robust and

generalizable results.
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TABLE 4 Functional and global indices.

Functional indices Global indices

(19 Indices + VAS) (13 Indices + VAS)
VAS-QOL General health score (VAS) VAS

EQ 5D-5l Anxiety & depression (EQ-AD) AD (Anxiety & depression)

EQ 5D-5l Physical functioning (EQ-PF) PF (Physical functioning)

EQ 5D-5l Pain & discomfort (EQ-PD) PD (Pain & discomfort)

HADS Cheerfulness (HADS-CH) AD (Anxiety & depression)

HADS Enjoyment (HADS-EN) AD (Anxiety & depression)

HADS Relaxation & ease (HADS-RE) RE (Relaxation & ease)

Loneliness (LS) Emotional loneliness (LS-EL) EL (Emotional loneliness)

Loneliness (LS) Emptiness & rejection (LS-EMRJ) EL (Emotional loneliness)

Loneliness (LS) Social loneliness (LS-SL) SL (Social loneliness)

PRQ2000 Emotional connection (PRQ-EC) EL (Emotional loneliness)

PRQ2000 Social connection & appreciation
(PRQ-SCA)

SL (Social loneliness)

PRQ2000 Friendship & belonging (PRQ-FB) SL (Social loneliness)

SGRQ-A SGRQ-VBADL VBADL (Very basic)

SGRQ-A SGRQ-BADL BADL (Basic)

SGRQ-A SGRQ-IADL IADL (Instrumental)

SGRQ-A SGRQ-AADL AADL (Advanced)

SGRQ-B Respiratory symptoms (SGRQ-RS) RS (Respiratory symptoms)

SGRQ-B Self-perception (SGRQ-SP) SP (Self-perception)

SGRQ-B Medication (SGRQ-MD) MD (Medication)

TABLE 5 Multiple imputations criterion.

Multiple imputations criterion

SGRQ
questions

EQ 5D-5L
questions

LS/HADS/PRQ
questions

Patient 1 (T0) √ X √
Patient 1 (T1) √ √ √
Patient 1 (T2) √ √ √
Patient 2 (T0) √ √ √
Patient 2 (T1) X √ √
Patient 2 (T2) X √ X
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Statistical tests results

The input data used to compare both phenotypes

statistically were participants’ socio-demographic and clinical

data (comorbidities, GOLD grade, use of action plan and

respiratory distress issues), and their T0 Global Indices

values. As shown in Table 6, no statistical differences were

found between both clusters in terms of participants’ socio-

demographic characteristics. Although cluster 1 (CL1) (N =

16) consisted predominantly of female COPD patients, both

clusters comprised mainly of people who were retired,

married, lived in the suburbs, have cardiovascular issues,

and who quit smoking after years of being heavy smokers.

No statistical differences were found between both clusters

regarding their COPD GOLD grades; however, statistically

significant differences in cough frequencies were observed

between both clusters, with CL1 having more frequent

coughing and mucus production, and experienced more

episodes of shortness of breath compared to cluster 2 (CL2)

(N = 18). CL1 participants also used their COPD action plan
Frontiers in Digital Health 07
more frequently; however, hospitalizations appeared not to

be statistically significant between both clusters.

In terms of participants’HRQoL (see Table 7), CL1 participants

had significantly lower scores in their physical functioning and ability

to perform basic, instrumental and advanced-ADL. They

experienced more pain and discomfort, had significantly more

signs of respiratory distress, had a low self-perception, and found it

difficult to relax and be at ease because of their severe chronic

condition. No statistical differences in mental global indices were

evident at T0 or any other study time periods, although for the

indices “Anxiety & Depression”, and for “Social Loneliness”, CL1

scores were lower. To further note, statistically significant

differences between the two clusters were observed in some of the

13 Global Indices in each of the study periods (T0, T1, T2), as

presented in Table 7. Moreover, when comparing the Global

Indices and VAS scores across the time periods in terms of health

improvements, minor statistically significant differences were

observed (see Table 8). Despite receiving telenursing services,

statistical significance with some health deterioration over time was

observed for CL1 for the indices “Physical Functioning” and

“Relaxation & Ease” between T1 and T2, and regarding the

“Advanced-ADL” indices for CL2 between T0 and T2. Otherwise,

the other 11 indices for CL1 and 12 indices for CL2 show no

statistical significances between study time periods, which may also

suggest the relative stability over time in HRQoL for each cluster.

All participants called the telehealth nurse for various reasons;

however, for analysis purposes the nursing interventions provided

were categorized in “General, Teaching, Evaluation and Follow-up”.

Table 9 provides a list of interventions under each category.

Important to notice that during each call, the telenurse may have

provided one or multiple interventions. For instance, if an

evaluation is the topic of discussion, either anxiety, respiratory and/

or pain assessments could have been conducted in a single call.

Compared to CL2, participants in CL1 have used the telehealth

system significantly more frequently across all categories and are

represented in the derived variable “Intensity of Care” (p = .011). As

shown in Table 9, they have significantly used the system more for

advice (p = .003), teaching breathing exercises (p = .002) and how to

cough effectively (p = .028), assessment of respiratory symptoms

(p = .003), verification of daily clinical responses (p = .002), vital

signs (p = .001), correct usage of breathing technique (p = .014), and

follow-ups after a high alert was signaled through the telemonitoring

system (p = .001). The high number of post-alert follow-ups by the

telenurse indicates that CL1 participants’ SpO2 and/or heart rate

values were more frequently outside their personalized parameters

for those vital signs, which is captured in the variable “Number of

High-Level Alerts”, and statistically significant higher for CL1

(p = .015). Important to notice is that the high-level alerts for

participant 21 were classified as a “very extreme outlier”, and were

removed from the analysis in order not to skew the results; yet, CL1

still had a higher statistically significant difference in the number of

high-level alerts.

Finally, statistically significant results were mostly complemented

with large effect sizes, classifiedbyvalues equal toor larger than0.8 (58,

59). Thus, the differences between the two clusters in terms of clinical

dissimilarities as well as the disparities in the utilization of the
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FIGURE 5

2D plot of MIs on global PCA for 19 functional indices (left) and stability of global PCA (right).

FIGURE 6

Cluster 2D visualization.
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TABLE 6 Participants socio-demographic and clinical characteristics.

Socio-demographic & clinical
characteristics

Cluster 1
(N = 16)

Cluster 2
(N = 18)

P-
value

Effect
size

Age (mean ± SD; 95% CI) 70.19 ± 5.41;
[67.31–73.07]

71.89 ± 9.86;
[66.99–76.79]

0.544 –

Gender (n, %)
Female (13, 81.25%) (10, 55.56%) 0.110 –

Male (3, 18.75%) (8, 44.44%)

Marital status (n, %)
Divorced (5, 31.25%) (2, 11.11%) 0.454 –

Legally married—not separated (6, 37.50%) (7, 38.89%)

Single—never legally married (2, 12.50%) (2, 11.11%)

Widowed (2, 12.50%) (5, 27.78%)

Unknown (1, 6.25%) (2, 11.11%)

Employment status (n, %)
Employed (2, 12.50%) (1, 5.56%) 0.303 –

Self-employed (0, 0.00%) (1, 5.56%)

Retired (12, 75.00%) (15, 83.32%)

Unable to work (2, 12.50%) (0, 0.00%)

Unknown (0, 0.00%) (1, 5.56%)

Living environment (n, %)
In a suburb (15, 93.75%) (17, 94.40%) 0.365 –

In a city center (1, 6.25%) (0, 0.00%)

In rural area (0, 0.00%) (1, 5.60%)

Smoking behavior (n, %)
Heavy smoker (at least
15 cigarettes a day)

(4, 25.00%) (2, 11.11%) 0.443 –

Light smoker (less than 10
cigarettes a day)

(1, 6.25%) (0, 0.00%)

Non-daily smoker (0, 0.00%) (1, 5.56%)

Used to smoke, but have quit (10, 62.50%) (11, 61.11%)

Unknown (1, 6.25%) (4, 22.22%)

Cardiovascular disease (n, %) (10, 62.50%) (12, 66.67%) 0.800 –

Endocrine disease (n, %) (2, 12.50%) (5, 27.78%) 0.271 –

Rheumatic &musculoskeletal (n, %) (4, 25.00%) (1, 5.56%) 0.110 –

Malignancies (n, %) (2, 12.50%) (2, 11.11%) 0.900 –

Gastrointestinal disease (n, %) (3, 18.75%) (0, 0%) 0.054 –

Other respiratory diseases (n, %) (2, 12.50%) (1, 5.56%) 0.476 –

GOLD Grade (n, %)
GOLD 2 (4, 25.00%) (3, 16.67%) 0.615 –

GOLD 3 (8, 50.00%) (12, 66.66%)

GOLD 4 (4, 25.00%) (3, 16.67%)

Daily questionnaire respiratory
symptoms [min, max] (Mean score
per patient) (mean ± SD; 95% CI)

Cluster 1
(N = 13)

Cluster 2
(N = 15)

Cough [1, 4] 3.00 ± 0.18;
[2.89–3.11]

3.34 ± 0.36;
[3.14–3.54]

0.005 1.099

Shortness of breath [1, 5] 2.84 ± 1.16;
[2.14–3.55]

3.85 ± 0.92;
[3.34–4.36]

0.017 0.941

Spit color [1, 5] 3.95 ± 0.49;
[3.65–4.25]

4.00 ± 0.37;
[3.80–4.21]

0.754 0.116

Spit frequency [1, 5] 3.79 ± 0.77;
[3.32–4.25]

3.82 ± 0.76;
[3.40–4.24]

0.904 0.045

Spit thickness [1, 2] 1.95 ± 0.06;
[1.91–1.98]

1.92 ± 0.18;
[1.83–2.02]

0.648 0.170

The bold values indicated the significant values.
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telehealth system is mostly of high magnitude (effect size ≥0.8), as
well, results appear to not be due to random chance on the 95%

confidence level (p-value <0.05). This gives confidence in our

results’ clinical meaningfulness (60–63) and warrants further

investigation of the derived phenotypes and their telenursing usage.
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Discussion

Results of this first-time exploratory study revealed 2

phenotypes of older adults with COPD for whom the frequency

of telenursing calls and related interventions differed. Although

no statistically significant differences were observed in

participants’ GOLD grades and number of hospitalizations, CL1

used their COPD action plan significantly more frequently when

experiencing an exacerbation. Evidently, due to the high-level of

telemonitoring alerts, these CL1 patients were in frequent contact

with the telenurse who provided a range of interventions,

including education, guided self-management, and pulmonary

rehabilitations. Though more research is needed, one may

assume that older adults with a similar profile to those in CL1

are “good” candidates for telehealth nursing services. Despite

these intriguing results, some points warrant further discussion:

(1) Patient risk profiles required for the provision of sustainable

telemonitoring services; and (2) Clinical meaningful phenotypes

with small study samples.
Patient risk profiles required for the
provision of sustainable telemonitoring
services

Although the potential widespread usage of telemonitoring

for patients with chronic conditions was part of a long-term

plan for many healthcare systems, the COVID-19 pandemic

has forced the acceleration of this process (64), and has

supported the break-down of many historical barriers such as

patients and clinicians’ beliefs about virtual care, lack of

reimbursement, cybersecurity, and digital interoperability (65).

New analyses have shown that the uptake of virtual care at the

early start of COVID-19 in April 2020 was 78 times higher

compared to February 2020; yet utilization levels have largely

stabilized (66). This implores the question, if telemonitoring

has shown a potential improve of patient outcomes, and a

reduction in hospital readmissions during COVID-19, why are

these services not widely implemented? Undoubtedly, the

sustainable uptake of new technology-related services, such as

telemonitoring, and its widespread diffusion require

integration in the healthcare systems (67) and alignment with

existing clinical practices (68). Existing hurdles for wider

application post-COVID are cost, lack of evidence-based

clinical guidelines and protocols, and according to Danne

et al. (64) the absence of “telehealth patient risk profiles”.

Interestingly, the authors (64) emphasized that “the future

of virtual healthcare is not simply about keeping

people away from hospitals, yet it is equally about knowing

who should be asked to come to the clinic and when”. In the

same vein, Choudhary et al. (69) proposed a multi-factorial

risk stratification and risk-based follow-up system to help

prioritize patients post-COVID for virtual or face-to-face

appointments. An identical telehealth management and risk-

stratification approach of older adults with chronic heart
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TABLE 8 Global indices and VAS scores across time periods.

Cluster 1 Cluster 2

Global index p-value (effect
size) for T0 vs. T1

p-value (effect
size) for T1 vs. T2

p-value (effect
size) for T0 vs. T2

p-value (effect
size) for T0 vs. T1

p-value (effect
size) for T1 vs. T2

p-value (effect
size) for T0 vs. T2

General health
score

0.147 (0.435) 0.889 (0.040) 0.161 (0.401) 0.131 (0.402) 0.909 (0.033) 0.180 (0.382)

Very basic ADLs 0.180 (0.570) 0.564 (0.228) 0.705 (0.155) »1.00 (0.000) 0.317 (0.417) 0.317 (0.400)

Basic ADLs 0.705 (0.155) 0.059 (0.798) 0.066 (0.811) 0.863 (0.063) 0.861 (0.071) 0.618 (0.197)

Instrumental
ADLs

0.257 (0.476) 0.458 (0.295) 0.655 (0.183) 0.480 (0.260) »1.00 (0.000) 0.317 (0.400)

Advanced ADLs 0.564 (0.237) 0.783 (0.108) 0.518 (0.266) 0.221 (0.459) 0.589 (0.222) 0.020 (1.029)

Physical
functioning

0.952 (0.024) 0.020 (1.029) 0.366 (0.376) 0.534 (0.229) 0.366 (0.376) 0.856 (0.071)

Pain &
discomfort

0.705 (0.155) 0.414 (0.324) 0.739 (0.136) 0.380 (0.325) 0.739 (0.136) 0.589 (0.213)

Respiratory
symptoms

0.811 (0.098) 0.231 (0.483) 0.358 (0.382) 0.608 (0.188) 0.592 (0.220) 0.624 (0.193)

Self-perception 0.260 (0.473) 0.297 (0.418) 0.964 (0.018) 0.522 (0.235) 0.084 (0.752) 0.465 (0.290)

Medication 0.380 (0.364) 0.914 (0.042) 0.854 (0.075) 0.172 (0.514) 0.655 (0.183) 0.730 (0.136)

Relaxation &
ease

0.192 (0.552) 0.018 (1.053) 0.301 (0.431) 0.196 (0.486) 0.877 (0.063) 0.684 (0.160)

Anxiety &
depression

0.655 (0.183) 0.964 (0.018) 0.823 (0.092) 0.620 (0.182) 0.256 (0.477) 0.724 (0.139)

Emotional
loneliness

0.559 (0.240) 0.129 (0.623) 0.592 (0.220) 0.844 (0.072) »1.00 (0.000) 0.532 (0.247)

Social loneliness 0.533 (0.257) 0.366 (0.360) 0.969 (0.016) 0.733 (0.125) 0.448 (0.313) 0.594 (0.210)

The bold values indicated the significant values.

TABLE 7 Global indices and VAS scores for T0, T1, and T2.

T0 (Baseline) T1 (Mid-follow-up) T2 (Final follow-up)

Global index [min, max]
(mean ± SD; 95% CI) or
[min, median, max, IQR]

Cluster 1 Cluster 2 Cluster 1 Cluster 2 Cluster 1 Cluster 2

(N = 15a) (N = 18) (N = 13b) (N = 15) (N = 13) (N = 13)

General health score
(VAS) [0, 100]

69.63 ± 15.84;
[61.18–78.07]

74.39 ± 16.97;
[65.95–82.83]

0.406 0.283 62.08 ± 20.05;
[49.34–74.82]

73.00 ± 9.22;
[67.89–78.11]

0.102 0.706 63.85 ± 18.61;
[52.60–75.09]

71.92 ± 8.05;
[67.06–76.79]

0.170 0.545

Very basic ADLs [2, 4] [3, 4, 4, 1] [4, 4, 4, 0] 0.021 0.465 [3, 4, 4, 0] [4, 4, 4, 0] 0.122 0.263 [3, 4, 4, 1] [3, 4, 4, 0] 0.286 0.264

Basic ADLs [7, 14] [7, 8, 11, 3] [8, 11, 14, 2] <0.001 1.432 [7, 7, 11, 2] [8, 10, 14, 3] 0.002 1.420 [7, 7, 10, 2] [8, 11, 13, 3] <0.001 2.195

Instrumental ADLs
[6, 12]

[6, 8, 9, 3] [7, 9, 10, 0] <0.001 1.386 [6, 8, 9, 3] [7, 9, 11, 1] 0.031 0.807 [6, 7, 9, 3] [7, 9, 10, 0] 0.005 1.148

Advanced ADLs [7, 15] [7, 9, 10, 2] [7, 9, 12, 1] 0.021 0.808 [7, 8, 10, 2] [7, 9, 11, 1] 0.077 0.670 [7, 8, 13, 2] [7, 9, 10, 2] 0.071 0.728

Physical functioning
[3, 15]

[5, 11, 13, 4] [10, 13, 15, 3] 0.002 1.225 [6, 10, 14, 5] [10, 14, 15, 4] 0.007 1.170 [6, 9, 13, 5] [10, 14, 15, 2] <0.001 1.928

Pain & discomfort [1, 5] [2, 3, 5, 1] [3, 4, 5, 1] 0.013 0.897 [2, 4, 5, 1] [2, 5, 5, 1] 0.012 0.991 [2, 3, 5, 1] [3, 5, 5, 1] 0.019 0.973

Respiratory symptoms
[14, 49]

[21, 27, 33, 7] [19, 35, 42, 5] <0.001 1.542 [21, 27, 36, 5] [25, 32, 41, 6] 0.001 1.503 [18, 26, 37, 10] [24, 32, 41, 7] 0.009 1.195

Self-perception [10, 24] [12, 15, 17, 3] [13, 19, 22, 2] <0.001 2.305 [12, 14, 20, 6] [17, 20, 22, 3] <0.001 1.591 [11, 14, 20, 3] [15, 19, 21, 4] <0.001 1.875

Medication [5, 14] [7, 9, 14, 1] [8, 9, 14, 0] 0.351 0.293 [6, 9, 14, 1] [8, 9, 14, 6] 0.168 0.512 [6, 9, 14, 1] [8, 9, 14, 3] 0.319 0.368

Relaxation & ease [5, 20] [8, 13, 18, 2] [13, 16, 19, 3] 0.002 1.225 [8, 14, 19, 5] [12, 16, 20, 3] 0.016 1.015 [7, 12, 16, 4] [13, 15, 19, 3] <0.001 1.849

Anxiety & depression
[10, 41]

[23, 35, 41, 10] [29, 37, 41, 9] 0.216 0.438 [22, 32, 40, 10] [27, 37, 41, 7] 0.127 0.600 [23, 34, 40, 12] [29, 36, 40, 6] 0.129 0.621

Emotional loneliness
[8, 44]

[25, 37, 44, 11] [19, 39.5, 42, 10] 0.253 0.405 [24, 37, 42, 9] [18, 37, 42, 7] 0.487 0.263 [14, 32, 44, 14] [16, 37, 43, 8] 0.316 0.400

Social loneliness [13, 79] [28, 60, 79, 20] [43, 60.5, 76, 10] 0.664 0.151 [32, 60, 76, 21] [44, 59, 75, 13] 0.872 0.061 [19, 60, 78, 32] [44, 58, 76, 13] 0.980 0.010

aVAS had N= 16 responses at T0.
bVAS had N= 12 responses at T1.

The bold values indicated the significant values.
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failure was implemented successfully by Orso et al. (70) during

COVID-19, and they recommended the calculation of patient

risk groups in the post-pandemic world to appropriately

manage the care of patients remotely and dedicate the

necessary resources. Results of this study support these
Frontiers in Digital Health 10
recommendations and strongly encourage researchers to

further develop risk algorithms using advanced analytics to

define phenotypes of COPD telemonitoring patients to

foster the provision of tailored nursing services to subsets of

patients.
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TABLE 9 Telenursing interventions.

Telenursing
interventions

Cluster 1
(N = 16)

Cluster 2
(N = 18)

Number of responses to
daily questionnaires

214.13 ± 104.94;
[158.21–270.04]

158.17 ± 96.87;
[110.00–206.37]

0.116 0.542

Number of telenursing calls 17.88 ± 8.33;
[13.43–22.32]

8.61 ± 6.44;
[5.41–11.81]

<0.001 1.224

General 4.75 ± 3.92;
[2.66–6.84]

1.72 ± 1.60
[0.93–2.52]

0.009 1.009

Advisory call 2.06 ± 1.98;
[1.01–3.12]

0.28 ± 0.58;
[0.00–0.56]

0.003 1.227

General COPD info 1.38 ± 2.39;
[0.10- 2.65]

0.50 ± 0.92;
[0.04–0.96]

0.160 0.483

Weekly checkup 0.31 ± 0.48;
[0.06–0.57]

0.17 ± 0.38
[0.00–0.36]

0.332 0.331

Notification of action
plan change

0.44 ± 0.73
[0.05–0.83]

0.11 ± 0.32;
[0.00–0.27]

0.113 0.578

Other 1.63 ± 1.50;
[0.83–2.42]

1.11 ± 1.32;
[0.45–1.77]

0.296 0.356

Teaching 6.81 ± 4.65;
[4.33–9.29]

3.50 ± 2.96;
[2.03–4.97]

0.017 0.841

Treatment / action plan 3.25 ± 3.36;
[1.46–5.04]

1.61 ± 1.98;
[0.63–2.59]

0.088 0.590

COPD self-management 1.88 ± 1.86;
[0.89–2.86]

0.89 ± 1.37;
[0.21–1.57]

0.085 0.596

Breathing exercises 1.94 ± 1.12;
[1.34–2.54]

0.72 ± 0.96;
[0.25–1.20]

0.002 1.142

Platform usage 1.50 ± 0.97;
[0.99–2.01]

1.11 ± 0.58;
[0.82–1.40]

0.174 0.483

Physical activity 1.19 ± 1.47;
[0.40–1.97]

0.67 ± 0.91;
[0.22–1.12]

0.217 0.422

Cough effectively 1.06 ± 1.00;
[0.53–1.59]

0.39 ± 0.70;
[0.04–0.74]

0.028 0.772

Anxiety management 0.81 ± 1.28;
[0.13–1.49]

0.28 ± 0.70;
[0.00–0.61]

0.130 0.522

Nutrition 0.31 ± 0.48;
[0.06–0.57]

0.11 ± 0.32;
[0.00–0.27]

0.168 0.487

Evaluation 12.56 ± 6.53
[9.08–16.04]

6.28 ± 5.28
[3.65–8.90]

0.004 1.040

Respiratory assessment 12.44 ± 6.37;
[9.05–15.83]

6.17 ± 5.01;
[3.68–8.66]

0.003 1.077

Anxiety assessment 1.13 ± 1.75;
[0.19–2.06]

0.56 ± 1.15;
[0.00–1.13]

0.265 0.381

Pain assessment 0.75 ± 1.48;
[0.00–1.54]

0.17 ± 0.38;
[0.00–0.36]

0.145 0.541

Follow-up 15.50 ± 7.18
[11.67–19.33]

7.33 ± 6.15
[4.28–10.39]

0.001 1.199

Verification of daily
clinical responses

12.25 ± 7.11;
[8.46–16.04]

5.06 ± 5.04;
[2.55–7.56]

0.002 1.152

Verification of vital
signs

12.69 ± 7.11;
[8.90–16.47]

5.22 ± 5.20;
[2.64–7.81]

0.001 1.182

Post-alert follow-up 5.00 ± 3.78;
[2.99–7.01]

1.06 ± 2.01;
[0.05–2.06]

0.001 1.295

Call if no data received 2.75 ± 2.57;
[1.38–4.12]

2.22 ± 2.63;
[0.92–3.53]

0.559 0.198

Emergency contact if
no response

0.38 ± 0.72;
[0.00–0.76]

0.00 ± 0.00;
[0.00–0.00]

0.054 0.744

Verification of
breathing technique

1.00 ± 0.89;
[0.52–1.48]

0.33 ± 0.59;
[0.04–0.63]

0.014 0.868

Data fill-in 0.81 ± 0.40;
[0.60–1.03]

0.44 ± 0.51;
[0.19–0.70]

0.026 0.775

Intensity of care [derived
ordinal scale 1 to 7]

[1, 3.5, 7, 2] [1, 2, 5, 2] 0.011 0.906

Average duration of call 17.50 ± 3.46;
[15.65–19.35]

18.06 ± 4.19;
[15.97–20.14]

0.679 0.140

(Continued)

TABLE 9 Continued

Telenursing
interventions

Cluster 1
(N = 16)

Cluster 2
(N = 18)

Number of high-level alerts
(outliner removeda)

4.93 ± 5.34;
[1.84–8.01]

0.88 ± 1.63;
[0.008–1.74]

0.015 1.030

Average yearly action plan
use reported by participantsb

4.13 ± 4.34;
[1.73–6.54]

1.56 ± 1.75;
[0.63–2.50]

0.046 0.766

Average yearly
hospitalizations reported by
participantsc

4.53 ± 6.01;
[1.20–7.86]

3.94 ± 4.63;
[1.47–6.40]

0.758 0.109

aN= 14 Patients in Cluster 1 (after removing outlier) and N= 16 Patients in Cluster 2;

removing patients with less than 10 responses to the daily questionnaire

throughout the whole study period as to not skew the results.
bN= 15 Patients in Cluster 1 and N= 16Patients inCluster2 reported theiraverageuse.
cN= 15 Patients in Cluster 1 and N= 16 Patients in Cluster 2 reported their average

use.

The bold values indicated the significant values.
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In recent years, the growing use of machine learning algorithms

and cluster analysis techniques have been instrumental to identify

COPD phenotypes in general. The systematic review conducted by

Nikolaou et al. (71) found a substantial heterogeneity in both the

numbers and the clinical features presented in the many COPD

phenotypes. The COPD phenotype of “older patients with

frequent exacerbations, a high rate of comorbidities (such as

cardiovascular diseases) and a fast decline in lung function and

QoL” is closely aligned with the characteristics of CL1 participants.

Although patients with acute exacerbations often reported a poor

HRQoL (72), minor statistically significant changes in participant’s

QoL were observed in both our study clusters. In terms of the

clinical features used to define the COPD phenotypes, no

standardization exists; however, Nikolaou et al. (71) suggested to

complement risk-stratification models based on clinical severity, as

was performed in this study to define both clusters of COPD

patients, with other determinants, such as physiological

characteristics (e.g., age, body mass index, waist circumference),

comorbidities, pulmonary function tests, biomarkers, and genetic

variants. In addition, Parikh et al. (73) advised including social,

economic, behavioral, and environmental determinants of health

when defining phenotypes. Overall, further research is needed to

develop COPD phenotypes in general, and more specifically on

the development of COPD phenotypes who may benefit from

telemonitoring to support the move towards “precision health”

where “the right telenursing interventions are provided to the

right patients, at the right time in their disease trajectory”.
Clinical meaningful phenotypes with small
study samples

Regardless of the clustering method used, Nikolaou et al. (71)

recommended the use of prospective longitudinal data with large

samples to develop clinically meaningful COPD-derived

phenotypes as clustering methods are data driven techniques.

Although there is a known bias of estimates with small samples,

there is no theorem supporting the rule of thumb for the size of

the dataset for cluster analysis; yet hierarchical clustering works
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well for small datasets (74). When dealingwith small study samples,

the key is to carefully interpret the results (75). Despite the many data

decisions and operations conducted, the meticulous methodological

approach used in this study despite the small sample size has

permitted to discover 2 phenotypes of older adults with COPD, with

CL1 using the telemonitoring system more evidently. While

unconventional for many, the methodology used, separate PCA

iterations, carefully imputing missing values, and utilizing the

correct clustering technique, has allowed for accuracy, clinical

relevance, interpretability, and reproducibility of methods and

results. In fact, utilizing both mathematical and statistical results, as

well as field expertise of the researchers and clinical literature, has

allowed this study to assess and produce clinically meaningful

phenotypes using a small dataset. Although the aim for this study

was to recruit a sample of 140 patients for high statistical power,

unforeseen circumstances, such as the emergence of the COVID-19

pandemic, has led to a drastic reduction in the enrolled participants.

The importance, however, of following a structured methodology

and reporting not just the p-values but also the effect sizes is

paramount (61, 62). Given the statistical significance and high effect

sizes in our results (76), and although this should not be taken for

population effect sizes; it is still large enough to provide evidence

and warrant further investigation of the resulting COPD phenotypes.
Limitations

Several limitations must be addressed. First, MI has emerged as a

popular technique for dealing with missing data issues (77); yet there

is no substitute for actual participant responses. Second, although

statistically significant results were coupled with high effect sizes,

large standard deviations still existed in the data due to the small

sample size. Third, some technical platforms challenges may have

caused that some telemonitoring alerts were not processed

correctly, for example the very extreme outlier. Fourth, 3 different

telenurses were employed during this study, and a variation in

their registration of nursing interventions was observed. In

addition, over time fewer nursing interventions were being input

into the system, which may have caused some discrepancies in the

cluster comparisons. Lastly, in terms of generalization of the

results, the clinical interpretations and decisions made to aggregate

the various questionnaires into meaningful indices may differ if

this study would be replicated by other clinicians and researchers.
Conclusion

Using a meticulous methodological approach, supported by

statistically significant results and large effect sizes, the results

showed the identification of 2 COPD phenotypes, with

participants in CL1 needing the telenursing services more

evidently compared to those in CL2. Concluding, as regards the

delivery of appropriate, cost-effective, and sustainable telenursing

services, it is paramount that further research is needed to

develop COPD patients’ phenotypes who may benefit from

telemonitoring to support the provision of customized care.
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