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Abstract

Background: Regular physical activity is associated with improved quality of life in patients with inflammatory bowel diseases
(IBDs), although much of the existing research is based on self-reported data. Wearable devices provide objective data on many
rich physical activity dimensions including steps, duration, distance, and intensity. Little is known about how patients with IBDs
engage in these varying dimensions of exercise and how it may influence their symptom and disease-specific patient-reported
outcomes (PROs).

Objective: This study aims to (1) cluster physical activity patterns from consumer-grade wearable devices and (2) assess the
relationship between the clusters and PROs in patients with IBDs.

Methods: We conducted a cross-sectional and longitudinal cohort study among adults with IBDs in the Crohn’s and Colitis
Foundation IBD Partners cohort. Participants contribute physical activity data through smartphone apps or wearable devices in
a bring-your-own-device model. Participants also complete biannual PRO questionnaires from the Patient-Reported Outcomes
Measurement Information System short forms and IBD-specific questionnaires. K-means cluster analysis was used to generate
physical activity clusters based on 3 key features: number of steps, duration of moderate to vigorous activity (minutes), and
distance of activity (miles). Based on the clusters, we conducted a cross-sectional analysis to examine differences in mean
questionnaire scores and participant characteristics using one-way ANOVA and chi-square tests. We also conducted a longitudinal
analysis to examine individual cluster transitions among participants who completed multiple questionnaires, and mean differences
in questionnaire scores were compared using 2-tailed paired sample t tests across 6-month periods.

Results: Among 430 participants comprising 1255 six-week physical activity periods, we identified clusters of low (33.7%,
n=423), moderate (46%, n=577), and high (20.3%, n=255) physical activity. Scores varied across clusters for depression (P=.004),
pain interference (P<.001), fatigue (P<.001), sleep disturbance (P<.001), social satisfaction (P<.001), and short Crohn Disease
Activity Index (P<.001), with those in the low activity cluster having the worst scores. Sociodemographic characteristics also
differed, and those with low physical activity were older (P=.002), had higher BMIs (P<.001), and had longer disease durations
(P=.02) compared to other clusters. Among 246 participants who completed at least 2 consecutive questionnaires consisting of
726 questionnaire periods, 67.8% (n=492) remained in the same cluster, and only 1.2% (n=9) moved to or from the furthest
clusters of low and high activity across 6-month periods.

Conclusions: For patients with IBDs, there were positive associations between physical activity and PROs related to disease
activity and psychosocial domains. Physical activity patterns mostly did not fluctuate over time, suggesting little variation in
exercise levels in the absence of an intervention. The use of real-world data to identify subgroups with similar lifestyle behaviors
could be leveraged to develop targeted interventions that provide support for psychosocial symptoms and physical activity for
personalized IBD care.

J Med Internet Res 2024 | vol. 26 | e48020 | p. 1https://www.jmir.org/2024/1/e48020
(page number not for citation purposes)

Griffin et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

mailto:griffina@stanford.edu
http://www.w3.org/Style/XSL
http://www.renderx.com/


(J Med Internet Res 2024;26:e48020) doi: 10.2196/48020

KEYWORDS

inflammatory bowel diseases; patient-reported outcome measures; cluster analysis; wearable electronic devices; medical informatics;
mHealth; mobile health; physical activity; bowel disease; psychosocial; smartphone; wearables; mobile phone

Introduction

Background
Inflammatory bowel diseases (IBDs), which include Crohn
disease (CD) and ulcerative colitis (UC), are chronic intestinal
disorders of the gastrointestinal tract. IBDs are characterized
by cycles of active and dormant states of inflammatory immune
response with symptoms such as abdominal pain, diarrhea, or
fatigue [1]. Physical symptoms are frequently accompanied by
stress, anxiety, depression, or diminished quality of life and
may be exacerbated by common immunosuppressive therapies
or corticosteroid treatments [2]. Supporting patients with IBDs
to directly report their symptoms or functional status through
patient-reported outcome (PRO) measures provides an important
clinical end point to understanding the burden of the disease
[3,4]. Physical activity may improve these physical and
psychosocial symptoms, although there may be variations in
inflammation related to the multidimensions of activity such as
duration, frequency, or intensity [1,5]. For example, moderate
physical activity interventions, including cardiovascular training,
strength training, and yoga, have demonstrated generally positive
effects on symptoms and inflammation [5-9]. However,
high-intensity or extended durations of exercise can lead to
inflammation and exacerbate gastrointestinal symptoms [6,10].
Examining these patterns of physical activity relative to PROs
has not been well-studied but may be important to inform
strategies for physically inactive subgroups of patients with
IBDs.

Wearable devices provide objective mobile health data on
physical activity, which include many rich dimensions of activity
(ie, steps, distance, duration, frequency, intensity, and gait
speed). Estimates indicate that up to 45% of the US population
owns a wrist-worn wearable device [11,12]. Few studies have
used data from wearables to assess physical activity in patients
with IBDs, as much of this research is based on self-reported
physical activity questionnaires [1]. Early findings using
wearable devices suggest an association between physical
activity and biomarkers for inflammation and disease activity
[13,14]. Digital phenotyping, defined by Torous et al [15], is
the “moment-by-moment quantification of the individual-level
human phenotype in situ using data from personal digital
devices.” Within the context of physical activity, digital
phenotyping has been valuable in distinguishing different
activity types from high-volume, heterogeneous wearable device
data [16]. Prior studies have used clustering methods, such as
K-means, to derive physical activity phenotypes, including
“weekend warriors,” “busy bees,” “drivers,” “insufficiently
active,” “cardio active,” and “deconditioned” [16-20].
Quantifying these physical activity behaviors can reveal unique
lifestyle characteristics and insights into the disease’s impact
on health status and functioning. Given the complex
pathophysiology and heterogeneity of IBDs [21], accounting

for individual variability in lifestyle behaviors is critical to
inform personalized IBD care.

Little is known about whether there are physical activity
phenotypes for patients with IBDs, yet identifying groups with
similar physical activity patterns could facilitate tailoring
lifestyle recommendations that enhance support for IBD. The
use of real-world wearable device data provides opportunities
to objectively understand the relationship between physical
activity and the burden of disease. The Precision Visualization
and Statistical Approaches (VISSTA) for patient-generated
health data to enable precision medicine study focuses on
developing health recommendations for lifestyle behaviors to
improve health outcomes (ie, symptoms and quality of life)
[22]. In this substudy of Precision VISSTA, we sought to
identify physical activity phenotypes from consumer-grade
wearable devices and examine the relationship between these
phenotypes and PROs to support precision IBD care.

Objectives
The objectives of this study were to (1) identify clusters of
physical activity patterns and (2) evaluate the associations
between physical activity and PROs (disease activity and quality
of life domains) in patients with IBDs.

Methods

Study Design and Setting
We conducted a cross-sectional and longitudinal cohort study
among participants in the Crohn’s and Colitis Foundation (CCF)
IBD Partners study, which is an internet-based cohort of adults
(18 years and older) living with IBD [23]. Participants in the
CCF IBD Partners study have access to a portal to sync physical
activity tracking smartphone apps or wearables (eg, Fitbit and
Garmin) through a bring-your-own-device model [23,24].
Biannual questionnaires are completed for the PROMIS
(Patient-Reported Outcomes Measurement Information System)
domains of depression, anxiety, pain interference, sleep
disturbance, satisfaction with social roles and activities, and
fatigue. Disease activity questionnaires specific to the type of
IBD (short Crohn Disease Activity Index [SCDAI] and Simple
Clinical Colitis Activity Index [SCCAI]) are also completed
biannually. This study followed the STROBE (Strengthening
the Reporting of Observational Studies in Epidemiology) to
report observational studies (Multimedia Appendix 1) [25].

Ethical Considerations
This study was reviewed and approved by the institutional
review board of the University of North Carolina at Chapel Hill
(#17-2148). All individuals provided informed consent to
participate in the IBD Partners parent study, and the data used
for this study were considered secondary data analysis as all
data were deidentified to protect privacy and ensure
confidentiality. Separate consent was not required for this
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current study. A description of the data management system
and establishment of IBD Partners (previously CCFA Partners)
were previously reported.

Participants
Participants were included in this analysis if they were enrolled
in the CCF IBD Partners study between 2011 and 2020,
completed at least one PROMIS and disease activity
questionnaire, and contributed at least 50% of nonconsecutive
or consecutive wearable device data within the 6 weeks before
questionnaire completion. Participants could be included in
multiple time periods if they completed more than one
questionnaire. Approximately 20% (n=113) of the 543
participants who completed a questionnaire did not have
sufficient activity data and were excluded. Thus, a total of 430
participants were included in our final analytic sample.

Measures
PROMIS short forms were completed for each of the 6
health-related quality of life domains above and scored using
standardized T-scores with a population mean of 50 (SE 10)
[26]. Higher T-scores represent more of the concept being
measured (eg, more fatigue or more satisfaction with social
roles and activities). The SCDAI assesses the severity of
symptoms (ie, stool frequency, abdominal pain, and well-being)
within the past 7 days [27]. SCDAI scores range from 0 to over
600 with scores <150 indicating clinical remission and ≥150
indicating active disease (mild activity: 150-219; moderate
activity: 220-450; and severe activity: >450) [27]. UC or
indeterminate colitis (IC) disease activity was measured using
the SCCAI, which assesses the severity of symptoms (ie,
frequency of bowel movement during the day and night, urgency
of defecation, blood in stool, well-being, and extracolonic
features) within the past 7 days [28]. SCCAI total scores range
from 0 to 19. Scores <2.5 correlate with remission, whereas
scores ≥2.5 correlate with active disease [29]. We also obtained
sociodemographic and clinical characteristics of the cohort.

Wearable Data Preprocessing
Physical activity features varied across device brands (eg, Fitbit,
Garmin, and Under Armour), so matrices were created to
illustrate the capabilities of each device. Features were
standardized into minutes for duration and miles for distance.
Tukey’s method was used to assess outliers, which were
considered observations 1.5 times less or greater than the lower
and upper quartile ranges, respectively [30]. Unrealistic values
were removed (eg, activity duration of 24 hours). To determine
the period of physical activity prior to completing a
questionnaire to include in our analysis, Spearman’s correlation
coefficients were calculated to measure the strength of the
relationship between physical activity (steps) and disease activity
(SCCAI and SCDAI). Coefficients were calculated at various
weeks prior to completing a questionnaire (ie, weeks 1, 2, 4, 6,
8, 12, and 24) with at least 50% of days with data returned
during the time period. The period with the highest correlation
between steps and disease activity was selected, which was 6
weeks. During this 6-week period, the correlation coefficient
for steps and SCDAI was –0.19 (P<.001) and –0.14 (P=.007)
for SCCAI.

Features included in the analysis were daily averages for each
day that activity was recorded for a participant: number of steps,
duration of moderate to vigorous activity (minutes), distance
of activity (miles), number of calories burned, number of days
the device was used during weekdays, and number of days the
device was used during weekends. Features were then averaged
during the 6 weeks prior to each questionnaire timepoint per
participant. We initially performed featuring scaling (z score
standardization and min-max normalization), which had little
effect on the quality of clustering. Thus, the raw preprocessed
data were used in the clustering.

K-means algorithm or Lloyd’s method [31], which is a simple
and widely used algorithm that organizes data into
nonhierarchical groups, was iteratively run using combinations
of these features. The quality of clusters was evaluated using
silhouette coefficients, which measure the amount of cohesion
and separation within and among clusters [32,33]. Ranging from
–1 to 1, higher coefficients indicate better-defined clusters
[32,33]. The combination of features that produced the highest
average silhouette coefficient was selected. This included 3
features: number of steps, duration of moderate to vigorous
activity (minutes), and distance of activity (miles). These
features were moderate to highly correlated as demonstrated by
Spearman correlation coefficients (ranging between 0.63 and
0.95).

Here, ax is the average distance from an individual data point
x to all data points within the same cluster and bx is the average
distance from an individual data point x to all data points in the
nearest cluster.

Cluster Identification and Evaluation
K-means cluster analysis was then used to generate the physical
activity clusters. K-means uses an iterative approach to assign
each data point (x) to the closest centroid ci within each cluster
Ci by minimizing the average sum of squared Euclidean distance
[32]. The equation below represents the K-means algorithm in
which the sum of squared errors (SSE) or cluster scatter is
minimized. K-means analyses were conducted using the
Scikit-learn package in Python 3.7 [34]. The following
parameters were used: number of clusters=3;
initialization=k-means++; number of initializations=10;
maximum iterations=300; tolerance=0.0001; random state=none.
The algorithm was initialized 10 times with the centroids
initially selected randomly (random state=none), and the initial
centroid distances were optimized with k-means++. K-means++
places centroids to be generally distant from each other, which
has been shown to improve the speed of convergence [35].
When the difference in the centroids across 2 consecutive
iterations was lower than the tolerance level (0.0001), the
algorithm converged and the iteration stopped.
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Here, K is the number of clusters, x is a data point that belongs
to the cluster Ci, Ci is the ith cluster, dist is the standard
Euclidean distance between two data points, and ci is the mean
(centroid) of cluster Ci.

The number of clusters (K) was determined by calculating the
SSE for different values of K. The value of K was selected
where the change in SSE decreased and was becoming plateau,
indicating additional clusters produced little value (“elbow

point”). We iteratively evaluated the silhouette coefficients of
2 to 5 clusters and selected the model with the highest average
silhouette coefficient, which was 3 clusters (Figure 1). Averages
of silhouette coefficients were calculated for each cluster and
the average of each of the 3 clusters. Once the clusters were
identified, data within each cluster were assessed to determine
a label that appropriately represented each cluster’s attributes
[36].

Figure 1. The SSE plot. SSE: sum of squared errors.

Association Between Physical Activity and PROs
Based on these clusters, we conducted two analyses: (1) a
cross-sectional analysis (n=430) to assess differences in
sociodemographics and PRO scores among the clusters, and (2)
a longitudinal analysis (n=246) to examine mean changes in
disease activity scores as participants moved to or from clusters
among a subset of those who completed at least 2 consecutive
biannual questionnaires. In the cross-sectional analysis,
differences in sociodemographics and questionnaire scores
among the clusters were assessed using one-way ANOVA tests
and chi-square tests. Participants were included at multiple time
periods if they had more than one 6-week physical activity
period and completed the questionnaire. Including multiple
observations per participant allowed us to examine the change
in consecutive questionnaire scores as participants moved to or
from clusters in our second analysis. In the longitudinal analysis,
participants were grouped into categories related to staying in
the same activity cluster or moving into another cluster across
consecutive questionnaire time periods. For each move between
clusters, mean differences in disease activity scores were
compared using 2-tailed paired sample t tests. For all analyses,
a P value <.05 was considered statistically significant.

Results

Participant Characteristics
The final analytic sample contained a total of 430 participants,
of which 285 (66.3%) participants had CD and 145 (33.7%)
participants had ulcerative or indeterminate colitis (Table 1).
Participants were primarily women, White, and attained at least
a college degree. On average, age was 42.1 (SD 13.6) years,

BMI was 25.8 (SD 4.8) kg/m2, and duration of disease was 15.1
(SD 11.8) years. Nearly all had used corticosteroid medications
(93.5%, n=400) or 5-aminosalicylic acid medications (86.3%,
n=371) to treat their IBD. Participants in the sample completed
an average of 3 (SD 2) questionnaires from 2015 to 2020.
During the 6-week period prior to completing questionnaires,
participants used their wearable device for an average of 37.3
(SD 6.2) days (88.9% of the 6-week period). This included
approximately 89.7% (26.9 of 30) of weekdays and 86.7% (10.4
of 12) of weekends. The majority used a Fitbit device (86.3%,
n=371). On average, participants took 7892.9 (SD 2752.7) daily
steps, performed moderate to vigorous activity for 40.7 (SD
38.3) minutes, traveled 3.5 (SD 1.3) miles, and burned 520.7
(SD 170) calories during exercise.
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Table 1. Sample characteristicsa.

Value (N=430)Characteristics

42.1 (13.6)Age (years), mean (SD)

Gender, n (%)

318 (74)Woman

112 (26)Man

Raceb, n (%)

5 (1.2)Asian

7 (1.7)Black

394 (95.2)White

8 (1.9)Other

Ethnicityb, n (%)

405 (97.1)Not Hispanic or Latino

13 (2.9)Hispanic or Latino

Educationb, n (%)

21 (5)High school or less

72 (17.1)Some college

327 (77.9)College degree or more

25.8 (4.8)BMI (kg/m2), mean (SD)b

Smoking status, n (%)

121 (28.1)Ever

309 (71.9)Never

Type of IBDc, n (%)

285 (66.3)Crohn disease

145 (33.7)Ulcerative or indeterminate colitis

15.1 (11.8)Duration of disease (years), mean (SD)

History of IBD treatments (ever used)b, n (%)

371 (86.3)5-Aminosalicylic acid medications

301 (70.3)Biologic therapies

400 (93.5)Corticosteroid medications

282 (65.9)Immunomodulators

Device brand, n (%)

371 (86.3)Fitbit

43 (10)Garmin

12 (2.8)Jawbone

4 (0.9)Under Armour

3.0 (2.0)Questionnaires completed, mean (SD)

37.3 (6.2)Days device used (maximum of 42 days), mean (SD)

26.9 (4.4)Days device used on weekdays (maximum of ~30 days), mean (SD)

10.4 (2.1)Days device used on weekends (maximum of ~12 days), mean (SD)

7892.9 (2752.7)Daily steps, mean (SD)

40.7 (38.3)Daily moderate to vigorous duration in minutes, mean (SD)
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Value (N=430)Characteristics

3.5 (1.3)Daily distance in miles, mean (SD)

520.7 (170)Daily activity-related calories, mean (SD)

aDemographic and clinical characteristics are from the baseline questionnaire.
bMissing data: race=16; ethnicity=12; education=10; BMI=14; history of treatments for inflammatory bowel diseases=2 participants.
cIBD: inflammatory bowel disease.

Clusters of Physical Activity Patterns
After examining data within each of the 3 clusters, we labeled
the clusters in a way that was interpretable: low physical activity,
moderate physical activity, and high physical activity (Figure
2). For the 430 participants, there were 1255 total 6-week time
periods of which 423 (33.7%) time periods were classified as
low activity, 577 (46%) time periods as moderate activity, and
255 (20.3%) time periods as high activity. A total of 146 of 430
participants were in multiple clusters where they had completed
more than 1 questionnaire. Overall, clusters were moderately
defined with an average silhouette coefficient=0.54 (Table 2).
The quality of the clustering was highest in the low activity
cluster (silhouette coefficient=0.60), suggesting that participants

had the most similarities for steps, distance, and moderate to
vigorous duration within this cluster. Those in the high activity
cluster had the most variance in their levels of exercise, as
indicated by the lowest silhouette coefficient (0.48) and highest
standard deviations for steps, distance, and minutes of moderate
to vigorous duration compared to the other clusters.
Sociodemographic characteristics varied across clusters, and
those in the low activity cluster were older (P=.002), had higher
BMIs (P<.001), and had longer disease duration (P=.02) when
compared to the other clusters. Participants in the low activity
cluster also had higher proportions of those taking
corticosteroids (P<.001) but lower proportions of those taking
immunomodulators (P=.04).

Figure 2. Physical activity clusters.
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Table 2. Physical activity cluster profiles.

P valueHigh activity
(n=255)

Moderate activity
(n=577)

Low activity
(n=423)

Characteristics

Evaluation

—a0.480.520.60Silhouette coefficient

Features, mean (SD)

<.00112,319.4 (1899.6)8229.5 (1033.0)5000.3 (1062.4)Steps

<.0015.5 (1.1)3.7 (0.7)2.2 (0.6)Distance (miles)

<.00173.0 (46.4)40.6 (34.6)21.3 (27.0)Moderate to vigorous duration (minutes)

Sociodemographics and clinical characteristics, mean (SD)

.00242.1 (12.6)43.5 (13.7)45.8 (13.8)Age (years)

<.00123.6 (3.5)25.6 (4.5)27.8 (3.5)BMI (kg/m2)

.0214.8 (10.0)16.9 (12.0)17.4 (12.3)Duration of disease (years), mean (SD)

Current IBDb treatment, n (%)

.0677 (30.2)182 (31.5)160 (37.8)5-Aminosalicylic acid medications

.51141 (55.3)328 (56.8)252 (59.6)Biologic therapies

<.0016 (2.4)53 (9.2)48 (11.3)Corticosteroid medications

.0474 (29.0)183 (31.7)103 (24.3)Immunomodulators

aNot applicable.
bIBD: inflammatory bowel disease.

Association Between Physical Activity Clusters and
PROs

Cross-Sectional Analysis
Across all PROs, patients in the low activity cluster had the
worst scores, and those in the high activity cluster had the best
scores (Table 3). Scores varied significantly across clusters on
the level of depression (P=.004), pain interference (P<.001),
fatigue (P<.001), sleep disturbance (P<.001), social satisfaction

(P<.001), and SCDAI (P<.001). The largest mean differences
between the low and high activity clusters for the PROMIS
domains were scores for social satisfaction (5.0), fatigue (4.2),
and pain interference (4.0). Mean SCCAI scores did not reach
significance for patients with UC or IC, and those in the low
and moderate activity clusters likely had some active disease
activity during the 6-week period as scores ≥2.5 have previously
demonstrated correlations with active disease [29]. Mean SCDAI
scores were in remission (<150) in all clusters [27], and scores
were highest in the low activity cluster.

Table 3. Patient-reported outcome scores across physical activity clusters.

P valueHigh activity (n=255),

mean (SD)

Moderate activity (n=577),

mean (SD)

Low activity (n=423),

mean (SD)

<.001102.2 (59.7)117.0 (71.9)133.3 (80.3)SCDAIa,b

.202.3 (2.5)2.6 (1.8)2.9 (2.1)SCCAIa,c

.1649.2 (8.9)49.3 (8.9)50.4 (9.2)PROMISd anxiety

.00446.9 (7.3)47.1 (7.8)48.6 (8.3)PROMIS depression

<.00146.7 (7.6)48.5 (8.4)50.7 (9.5)PROMIS pain interference

<.00150.7 (9.6)51.5 (10.9)54.9 (10.7)PROMIS fatigue

<.00149.2 (7.8)49.4 (7.7)51.2 (7.5)PROMIS sleep disturbance

<.00155.3 (9.1)54.0 (9.1)50.3 (9.7)PROMIS satisfaction with social roles
and activities

aMissing data: SCDAI (short Crohn Disease Activity Index)=44; SCCAI (Simple Clinical Colitis Activity Index)=78 questionnaires.
bSCDAI: short Crohn Disease Activity Index.
cSCCAI: Simple Clinical Colitis Activity Index.
dPROMIS: Patient-Reported Outcomes Measurement Information System.
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Longitudinal Analysis
Among the sample of 430 participants who contributed wearable
data and completed at least one questionnaire, 246 (57.2%)
participants completed at least 2 consecutive disease activity
questionnaires. In this subset of 246 participants (726 total
questionnaires), 67.8% (n=492) did not change physical activity
clusters during 6-month periods (Table 4). As expected, there
were no significant changes in mean disease activity scores
among those who did not move between clusters. For those who
transitioned into another cluster, 15.8% (n=115) moved between

(to and from) moderate and high activity, 15.2% (n=110) moved
between low and moderate activity, and only 1.2% (n=9) moved
between low and high activity clusters. Proportions of cluster
movement were similar for patients with CD and UC or IC.
There were significant associations between cluster movement
and mean disease activity score for the 3 types of transitions.
When patients with UC or IC transitioned from low to moderate
activity clusters, disease scores decreased (P=.04). For CD,
when patients moved from moderate to high activity or high to
moderate activity clusters, disease scores decreased (P=.04) or
increased (P=.02), respectively.

Table 4. Movement across clusters for consecutive inflammatory bowel disease activity scores.

P valueChange in disease activity, mean (SD)nChange in physical activity and cluster movement

Ulcerative or indeterminate colitis (SCCAIa)

Improved

.04–1.4 (2.4)21Low → Moderate

.75–0.4 (1.7)19Moderate → High

—cN/Ab0Low → High

Reduced

.740.1 (1.2)25Moderate → Low

.910.1 (2.1)17High → Moderate

—c3.2 (3.8)4High → Low

No change

.590.1 (1.8)51Low

.55–0.1 (1.3)76Moderate

.18–0.4 (1.8)38High

Crohn disease (SCDAId)

Improved

.34–0.5 (82.8)26Low → Moderate

.04–25.3 (64.5)38Moderate → High

—c01Low → High

Reduced

.887.6 (63.6)38Moderate → Low

.0220.6 (55.5)41High → Moderate

—c78.8 (111.8)4High → Low

No change

.940.5 (67.9)124Low

.21–6.3 (59.5)140Moderate

.358.2 (69.8)63High

aSCCAI: Simple Clinical Colitis Activity Index.
bNot applicable.
cPaired sample t tests not calculated for n<5.
dSCDAI: Short Crohn Disease Activity Index.
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Discussion

Principal Results
This study demonstrates how physical activity clusters can be
generated from consumer-based wearable devices in patients
with IBDs. Most participants (46%, n=577) were clustered in
moderate activity, 33.7% (n=423) as low activity, and 20.3%
(n=255) as high activity. Sociodemographic and clinical
characteristics varied across clusters, and those with low activity
were older, had higher BMIs, and longer disease durations. Our
findings indicate positive associations between physical activity
and health-related quality of life PROs in accordance with
existing research [14,37]. Individuals in the low activity cluster
had the worst scores across all PROs, and scores varied
meaningfully on levels of depression, pain interference, fatigue,
sleep disturbance, social satisfaction, and CD activity across
clusters. UC activity indices did not vary significantly across
clusters, which may be due to individuals in the low activity
and moderate activity clusters who had some degree of active
disease. These disease indices were aligned with individual’s
IBD treatments, as there were higher proportions of those in
the low activity cluster taking corticosteroid medications, which
can be used as short-term treatment for IBD flares. Whereas,
there were lower proportions of patients in the low activity
cluster taking immunomodulators, which are usually used to
maintain remission of IBD. We also found that those in the low
physical activity cluster had the most homogeneity in exercise
attributes, which suggests worse health status might hinder
variations in exercise. These findings should be validated with
other IBD cohorts to assess their reproducibility.

When we longitudinally assessed changes in physical activity
and disease activity scores across 6-month periods, exercise
patterns mostly did not fluctuate. Approximately 68% (n=492)
of patients remained in their original cluster, and only 1% (n=9)
of patients transitioned to or from the furthest clusters of low
and high activity. This indicates that exercise levels may not
vary to extremes over time. As expected, mean disease activity
scores among patients who remained in the same cluster did
not change over time. Despite prior literature suggesting the
benefits of physical activity [1], the long 6-month longitudinal
survey timepoints preclude any causal inferences. It is not
possible to know, for example, whether increased physical
activity levels reduced disease outcomes, or whether patients
experiencing reduced symptoms were better able to exercise.
Future studies that solicit more time points for symptom data
from patients are needed to support this type of investigation.

Implications for Health Care and Research
This research has several implications for the use of wearable
devices and PROs for patients with IBDs. The use of real-world
data to identify phenotypes with similar activity attributes could
be leveraged to develop interventions that promote
self-management and coping abilities, as these are important
components in managing IBDs [38,39]. Previous studies have
used wearables to personalize behavioral coaching strategies,
which resulted in improvements in physical activity and clinical
biomarkers (eg, lipids, hemoglobin A1c levels) [40,41]. In this
study, the low activity group was characterized by short

durations of moderate to vigorous activity, steps, and distance.
Interventions effective in improving sedentary behavior often
use established behavior change techniques, including goal
setting, self-monitoring, or social support [42]. We found the
greatest difference among PROMIS domains between the low
and high activity groups for social satisfaction, and evidence
suggests social support may improve psychological symptoms
and self-management behaviors in patients with IBDs [38,43].
New models of patient-centered care have been proposed, such
as the IBD specialty medical home, which involve multifaceted
approaches focusing on social support, behavioral skills, and
stress management techniques [44]. Providing outreach to
patients with changes in health status or physical activity, which
could be indicated by cluster transitions, could be an important
aspect of personalized IBD care. Moreover, as new therapies
are being developed, the ability to observe distinguishable
physical activity phenotypes could reveal insights related to the
impact of pharmacotherapies within clinical trials or at the point
of care. However, if real-time data are used within clinical care
or for just-in-time interventions, necessary protocols and
validation strategies are needed to ensure accurate data are
presented to patients and care teams in a meaningful and easily
interpretable way [45]. Visual analytics and additional machine
learning approaches are being developed and evaluated as part
of the Precision VISSTA study.

Patient-generated health data also have promising potential to
facilitate the detection of inflammation. Evidence suggests
certain inflammatory responses may be able to be detected
through physiological measurements or lifestyle characteristics
from wearables, such as elevated heart rate, elevated skin
temperature, or sleep deviations [46-48]. Very few studies have
assessed the relationship between wearable physiological
measurements and inflammatory responses in patients with
IBDs [13,14]. Sossenheimer et al [13] found lower daily steps
within the week prior to elevated inflammatory biomarkers (ie,
C-reactive protein and fecal calprotectin), but did not find
differences in resting heart rate. Wiestler et al [14] also found
lower levels of physical activity in patients with active disease
compared to those in remission, in addition to lower sleep
efficiency. Given the vast amount of data from sensor devices,
robust analytical pipelines are necessary to process, analyze,
combine with other data streams, and derive actionable
information from the data [49]. Unsupervised learning models,
which do not require costly labeled data, are useful for
partitioning large data sets into smaller groups of related
information. These related subgroups have the potential to
inform strategies for the detection or mitigation of inflammatory
responses given the fluctuating symptoms and disease
trajectories that vary by patient.

Limitations
The sample was limited to 430 participants in the CCF IBD
Partners internet-based cohort who synced their smartphone
app or wearable device, which may not be representative of all
patients with IBDs. Future work should include larger and more
diverse samples to improve the generalizability of these findings.
In addition, the sample was more physically active than the
general population, with our sample taking approximately 7900
steps per day. It is estimated that the US population takes 4800
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steps per day (~5000 steps worldwide) [50]. There are also
several limitations to using consumer-grade wearable device
data. Most brands do not make the details of their algorithms
or firmware updates available, so there may be differences in
hardware or sensors across brands and devices over time. Innate
user differences may also exist, such as the location the device
was worn (dominant vs nondominant hand), wear time, or
accuracy of manually logged exercise, which cannot be verified
in the existing data. In addition, our clustering approach was
limited by the lack of gradient or differentiation between
individuals once clusters were established, so it is possible that
individuals with similar activity patterns could be in different
clusters. Finally, the sparse nature of the 6-month longitudinal
survey timepoints precludes causal relationships.

Conclusions
Recognition of patterns and changes in lifestyle behaviors by
leveraging real-world mobile health data supports opportunities
to inform interventions. Unsupervised learning techniques
facilitate the identification of these patterns from vast,
multidimensional wearable data. Patients in the low physical
activity cluster reported the worst health-related quality of life
and disease activity (ie, depression, pain interference, fatigue,
sleep disturbance, social satisfaction, and CD activity) compared
to those in moderate and high activity clusters. Additional
support for physical and psychosocial symptoms and exercise
may be valuable for those low physical activity IBD subgroups.
Future research should examine these findings among more
diverse cohorts with more frequent PRO measurements and
validate reproducibility.
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