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Abstract

Background: Accelerometers produce high-resolution physical activity data, but commonly used summary measures often
reduce these data to total volume, intensity, or variability and may not retain interpretable temporal structure across the day.
Cluster-based summaries may provide a way to characterize daily physical activity profiles while preserving information about
when activity occurs.

Objective: This study evaluated whether cluster-derived accelerometer summary measures could represent daily physical
activity patterns and explain variation in pediatric cardiometabolic outcomes comparably to traditional accelerometer summary
metrics.

Methods: This baseline cross-sectional methodological analysis used data from 268 Latino children with overweight or
obesity from low-income families participating in the Stanford GOALS trial. Participants were aged 7 to 11 years old and
wore accelerometers for a minimum of 1 week according to study protocol. Valid daily activity profiles were summarized
within a 7:00 AM-11:00 PM analytic window using consecutive, nonoverlapping 10-minute intervals. Daily profiles were
clustered using unsupervised learning, and participant-level cluster-derived measures were created from the distribution of
valid days assigned to each cluster. We compared these measures with traditional accelerometer summaries, including time
spent in activity intensity states, Time Active Mean, Time Active Variability, Activity Intensity Mean, and Activity Intensity
Variability. Linear regression models were used to evaluate associations with waist circumference, fasting insulin, and fasting
triglycerides, adjusting for age and sex. Model performance was compared using R” and the Akaike information criterion.

Results: Cluster-derived measures explained a comparable proportion of variation in the 3 cardiometabolic outcomes to
traditional accelerometer summary metrics. For example, the highest R? values among the cluster-derived measures were 25%,
11%, and 6% for waist circumference, fasting insulin, and fasting triglycerides, respectively, compared with 25%, 10%, and
6% for Time Active Mean. No single summary-measure approach consistently yielded the highest R? across all 3 outcomes.
Conclusions: Cluster-derived accelerometer measures provide a regression-ready approach for summarizing daily physical
activity patterns while preserving interpretable clock-time structure. In this baseline analysis, these measures performed
comparably to traditional accelerometer summaries while capturing temporal features not represented by conventional volume-
or intensity-based metrics. Future work should evaluate external validation across diverse populations and settings and assess
the use of these measures in longitudinal and intervention analyses.

Trial Registration: ClinicalTrials.gov NCT01642836; https://clinicaltrials.gov/study/NCT01642836
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Introduction

Measures of Physical Activity

Accelerometers have been increasingly used to measure
physical activity objectively [1]. The richness of accelerome-
ter data presents both challenges and opportunities. Modern
accelerometers measure acceleration in 3 dimensions at a
high frequency (eg, 40 Hz or more) and, often, for long
periods of time (eg, 10 d). How to process and summarize
high-resolution accelerometer data is an open topic. Accel-
erometer-based measures of physical activity may convert
the accelerometer data to describe the time spent in activ-
ity states such as “percent time spent in a sedentary state.”
Others summarize the data as mean counts per minute (CPM),
where count—a unitless measure developed by ActiGraph [2]
—reflects the level of intensity of activity at a given epoch
or window of time (eg, a typical epoch may cover a 15-s
interval) [3-11]. Several studies have demonstrated CPM to
correlate with mechanical loading and activity [8-11]. Any
measure that summarizes activity based on the raw acceler-
ometer data requires some processing. For example, the count
is obtained by filtering and then summing the raw acceler-
ation over consecutive, nonoverlapping epochs (ActiGraph
LLC). Other common approaches, termed cuz-point meth-
ods, classify activity intensity using predetermined thresholds
based on accelerometer signals [8,12-16]. These approaches
have been systematically reviewed in youth by Kim et al
[16]. Processing involves defining epochs, transforming raw
data, and specifying cut-points to classify intensity. Figure
1 illustrates raw tri-axial accelerations, in units of gravity,
over a 24-hour period from a child participating in the
Stanford GOALS trial [17,18] along with its corresponding
count values, CPM, and activity categories using Romanzini
cut-point approach [8].

The initially proprietary nature of “count” data previ-
ously garnered some criticism by those who viewed the
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lack of standardization and transparency as a limitation. In
their comprehensive investigation, Bai et al [19] addressed
such limitations of many existing approaches that rely
on counts. They proposed accelerometer-based summary
measures derived from raw tri-axial acceleration signals
rather than proprietary counts. These measures summarize
2 conceptual dimensions of activity: duration and intensity.
Time Active Mean (TAM) and Time Active Variability
(TAV) describe the mean and variability of time spent active,
whereas Activity Intensity Mean (AIM) and Activity Intensity
Variability (AIV) describe the mean and variability of activity
intensity during active periods. These 4 measures provide a
more transparent approach to the analysis of raw accelerome-
try data, although they still require a cut-point to distinguish
activity from rest for the sample and accelerometer equipment
under investigation, as described in the Methods section.

While these more recent methods offer greater transpar-
ency, there is still an opportunity to leverage the richness
of the data to address certain types of research questions in
new and innovative ways. For example, our team has been
interested in questions that include the timing and patterns
of physical activity that traditionally used measures may not
reflect, such as whether individuals with the same amount of
cumulative daily exercise who work out in the evening have
more favorable cardiovascular health than those who work
out in the morning. The summary measures described above
do not address the pattern of physical activity signals across
the day. In this work, we formally propose an alternative
summary measure that leverages daily physical activity
patterns preserving key temporal aspects of the accelerometer
data. We evaluate the performance of the measure relative to
traditional measures in a regression framework by examining
the proportion of variation explained in 3 prespecified clinical
outcomes.

JMIR Form Res 2026 | vol. 10 | e87532 1 p. 2
(page number not for citation purposes)


https://formative.jmir.org/2026/1/e87532

JMIR FORMATIVE RESEARCH

Moore IV et al

Figure 1. Overview of accelerometer-based activity visualization of a Stanford GOALS trial participant for a 24-hour period: (1) tri-axial acceleration
signals and their vector magnitude (VM), (2) SDs of acceleration signals and their mean, (3) VM of count signal at 1-second intervals, (4) VM of
count signal at 1-minute intervals (counts per minute [CPM]), (5) Romanzini activity categories at 1-minute intervals, (6) mean CPM of VM count
signal in 10-minute frames, (7) Romanzini activity categories at 10-minute intervals based on mean CPM, and (8) Romanzini activity categories at

10-minute intervals based on the mode of 1-minute intervals.
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Clustering-Based Physical Activity
Patterns

We are not the first to apply unsupervised machine learning
to accelerometer data to gain insights into physical activity
patterns. In a systematic review by Jones et al [20], 13 papers
were identified that applied unsupervised machine learning
to accelerometer data, and researchers have continued in this
direction. For example, Nawrin et al [21] describe the need
for measures that capture the temporal nature of intensively
measured physical activity and demonstrate the diversity of
physical activity patterns observed in a small dataset of
42 healthy individuals. Several studies have further associ-
ated patterns—discovered by machine learning techniques—
with health outcomes such as obesity, cardiovascular disease
(CVD), and mental health conditions within a regression
framework [22-27]. These clustering-based methods provide
a more granular perspective of physical activity patterns by
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Time (h)

capturing variations in the timing and intensity of activity
throughout the day, rather than solely summarizing total
physical activity volume. For instance, Niemeld et al [24]
identified 4 temporal physical activity clusters in midlife
adults and found that these patterns were significantly related
to cardiovascular disease risk. Similarly, Nawrin et al [23]
and Smagula et al [27] highlighted the role of physical
activity timing in metabolic health and depression risk,
reinforcing the idea that physical activity patterns—not just
duration or intensity—may influence key health outcomes.
These studies have demonstrated the promise of unsupervised
machine learning approaches for gaining insight into physical
activity patterns and their role in health.

There are methodological challenges, however, in using
a summary measure derived from unsupervised machine
learning within a regression context. As Jones et al [20]
noted, the lack of consensus on analytic approach and feature
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selection limits comparability across studies and underscores
the need for more transparent and standardized methods.
Our study addresses this issue by formally evaluating cluster
membership, derived from aligned daily activity profiles, as
a physical activity summary measure in comparison with
established summary measures from Romanzini et al [8]
and Bai et al [19]. We further examine the sensitivity of
cluster-based findings to data-processing decisions and assess
performance within a regression framework focused on the
proportion of variance explained in prespecified clinical
outcomes. In this way, the study is designed to clarify
when pattern-based measures may add value, particularly for
research questions in which the timing of activity across the
day is of substantive interest.

The aim of this study was to develop and evalu-
ate clustering-based accelerometer measures derived from
aligned daily activity profiles and to examine their relation-
ships with key outcomes at baseline within the Stanford
GOALS trial [17,18]. The methodological focus was to
preserve interpretable clock-time structure across the day
rather than reduce physical activity to aggregate volume
measures alone. Accordingly, this paper is intended as a
baseline cross-sectional methodological analysis, not as a
longitudinal or intervention-effects study.

Methods
Study Design

This study was a secondary baseline cross-sectional methodo-
logical analysis using data from the Stanford GOALS trial,
a community-based randomized controlled trial. The present
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analysis focused on deriving clustering-based accelerometer
measures from daily activity profiles and evaluating their
relationships with key outcomes at baseline. It was designed
to characterize daily activity structure at a single study time
point rather than to assess longitudinal change or intervention
response.

Stanford GOALS

The Stanford GOALS trial was a National Institutes
of Health—funded, 3-year, community-based randomized
controlled trial comparing strategies for weight control among
268 children aged 7 to 11 years with overweight or obesity
from low-income, Latino (98%) families. Children had to be
at or above the 85th percentile of the Centers for Disease
Control and Prevention’s growth charts for their age and sex
to participate [18]. The baseline sample used in the current
analysis consisted of 121 male participants and 147 female
participants with an average age of 9.53 (SD 1.46) years and
BMI of 25.01 kg/m? (Table 1).

Participants were provided with ActiGraph GTX3+
ambulatory monitors and instructed to wear them on their
hip, continually, for a period of at least 7 days, except when
bathing or swimming. The devices measured acceleration
(gravity) on 3 perpendicular axes at a frequency of 40 Hz.
Upon the completion of the baseline study period, the devices
were returned, and the data were exported to comma-separa-
ted value (.csv) files using ActiGraph’s companion software,
ActiLife, which derives additional count measures from the
raw data. These include counts for each axis of acceleration
(x,y,and z) as well as their vector magnitude (VM, defined as

VX + Y2+ 22).

Table 1. Measures from Stanford GOALS trial participants taken at baseline®.

Measure Male (n=121), mean (SD) Female (n=147), mean (SD) All (n=268), mean (SD)
Age (y) 9.49 (1.50) 9.57 (143) 9.53 (1.46)

Height (cm) 139.36 (9.83) 139.08 (9.67) 139.20(9.73)

Weight (kg) 49.64 (12.53) 48.81(12.99) 49.18(12.77)

Waist (cm) 85.31(10.79) 85.21(11.03) 85.25(10.90)

BMI (kg/mz) 25.20(3.79) 24.85(4.08) 25.01(3.95)

Insulin (1U/mL) 13.79(8.86) 17.45(12.54) 15.80(11.16)
Triglycerides (mg/dL) 90.00(53.97) 105.1(56.46) 98.28(55.75)

Waist circumference, fasting insulin levels, and fasting triglyceride levels were selected for our analysis measures.

Ethical Considerations

The parent Stanford GOALS trial was approved by the
Stanford University Administrative Panel on Human Subjects
in Medical Research (protocol #19311). Parent or guardian
written informed consent and Health Insurance Portability
and Accountability Act authorization were obtained, and child
assent was obtained as part of the parent trial. The parent
trial was registered at ClinicalTrials.gov (NCTO01642836).
The present manuscript reports a baseline cross-sectional
secondary methodological analysis of deidentified accelerom-
eter and clinical data collected during the Stanford GOALS
trial and does not evaluate longitudinal or intervention effects.
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Physical Activity Data

This baseline analysis used accelerometer data collected from
268 boys and girls participating in the Stanford GOALS
trial. Participants were instructed to wear ActiGraph GT3X+
accelerometers on the hip continuously for at least 7 days,
except when bathing or swimming. Count data for the x-,
y-, and z-axes and their vector magnitude were exported in
consecutive, nonoverlapping 1-minute epochs. Raw accelera-
tion signals were summarized by calculating the SDs of each
axis in consecutive, nonoverlapping 1-sec intervals. Before
screening for nonwear or device malfunction, the accelerome-
ter files yielded 2322 candidate 24-hour participant-days for
processing.
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Data Quality

Daily accelerometer profiles were constructed within a
prespecified analytic window of 07:00 to 23:00. This
window was selected as part of the accelerometer-process-
ing workflow to support aligned daily-profile analyses
while retaining adequate participant-level profile availability;
candidate windows and resulting profile-retention summaries
are presented in Table S1 (Multimedia Appendix 1). Nonwear
was identified from the count data at 1-minute resolution
using Choi method [28]. Periods of device malfunction were
identified in the raw gravity signal along the x-, y-, and
z-axes using custom code by clustering the raw signal and
examining outlying groups for shared signal patterns, which
were subsequently confirmed by ActiGraph’s support team as
device malfunction. Profiles were flagged and excluded from
the analyses if nonwear or device malfunction was detected
within the selected analytic window. Within the 7:00 AM to
11:00 PM window, 1009 of 2322 (43.5%) candidate daily
profiles were flagged during screening, leaving 1313 (56.5%)
valid daily profiles; 256 (95.5%) participants retained at
least 1 valid daily profile, whereas 12 (4.5%) participants
retained none. Baseline clinical outcome data were complete
for all 268 participants; missingness in the present analysis
was therefore limited to accelerometer-derived daily profiles
affected by nonwear or device malfunction within the analytic
window.

Accelerometer Summary Measurements

Physical Activity Categories: Cut-Point-Based
Summary Measures

CPMs were calculated from the vector-magnitude of the
GT3X tri-axial count data and categorized as sedentary
behavior (SB), light physical activity (LPA), and moderate-
to-vigorous physical activity (MVPA), a combination of
moderate physical activity (MPA) and vigorous physical
activity (VPA). The cut-points for these categories were taken
from Romanzini et al [8]. Every minute from 7:00 AM to
11:00 PM was categorized in this way, and the total amount
of time spent in each category was tabulated per subject-day.
The average amount of time spent in each physical category
was derived from the tabulated activity data of each subject.

Daily Accelerometer Summary Measures

Accelerometer summary measures—TAM, TAV, AIM, and
AIV —are calculated from variation measured from the
accelerometers’ raw signal data as outlined in Bai et al [19]
for each day. Achieving this requires the use of a binary
activity label, L(t), which categorizes accelerometer readings
at time ¢ as either active (1) or inactive (0). This label is
obtained on a 1-second interval by comparing the SD of
the accelerometer signal to a cut-point, C, which is deter-
mined from the data. Bai and others did this in their data by
examining density and cumulative distributions of the SD and
then selecting the point at which there was a clear, visible
flattening of the density. We followed the same methodol-
ogy and selected C=0.6 based on our results (Figure S1 in
Multimedia Appendix 1). TAM and TAV are, respectively,
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the mean and SD of the time spent active (L(¢)=1) for each
person for each day examined. This gets at the duration
of time spent active, but not the intensity of the activity.
Activity intensity is defined as the SD of the original signal
relative to the average standard deviation of the signal when
inactive, which is calculated per subject-day. The AIM and
AIV metrics are the average and SDs, respectively, of the
activity intensity signal during active periods. Tables S2 and
S3 (Multimedia Appendix 1) present these metrics for 3
Stanford GOALS participants to help orient readers to the
dataset.

Daily Physical Activity Patterns

In this study, we propose a metric based on patterns of
activity. We used k-means clustering to categorize each
participant’s daily activity profile within a 7:00 AM to 11:00
PM analytic window using average counts from consecu-
tive, nonoverlapping 10-minute intervals. This window was
selected from candidate windows as part of the prespe-
cified processing workflow to retain broad daytime and
evening coverage while maintaining participant-level profile
availability (Table S1 in Multimedia Appendix 1). The
16-hour duration also allowed the sorting variants to partition
the analytic day evenly into 1-, 2-, 4-, 8-, and 16-hour
segments. Representing each valid day in 10-minute intervals
yielded a 96-element profile vector for each day, with the
number of retained profiles varying across participants. This
interval length was used to preserve interpretable clock-time
structure while reducing sensitivity to minute-level irregular-
ity.

Figure 2 illustrates how these profiles can be clustered
to identify common patterns of daily activity within the
group. In the unsorted profiles shown in Figure 2, cluster
1 was characterized by comparatively low activity through-
out the day, Cluster 2 by higher activity from the morn-
ing through late afternoon, and Cluster 3 by a pronounced
late-afternoon and evening increase, peaking near 7:00 PM.
Although overall activity magnitude contributed to cluster
differentiation, timing also contributed: the Cluster 2 and
Cluster 3 centroids crossed in the late afternoon and exhibited
their highest activity during different portions of the day.
We therefore interpreted the clusters as recurring activity-
profile patterns rather than as definitive latent classes. The
sorting variants (Sort_01, Sort_02, Sort_04, Sort_08, and
Sort_16) were evaluated as a structured sensitivity analysis,
spanning broader to more localized within-day sorting, to
examine how partial relaxation of exact clock-time ordering
affected clustering results while preserving differing degrees
of temporal structure.

Clustering was performed using Padaco, a publicly
available MATLAB-based accelerometer visualization and
analysis program with clustering functionality. Daily profile
vectors were clustered using k-means with squared Eucli-
dean distance. This approach compares activity at correspond-
ing positions in the represented daily profiles and therefore
preserves the intended clock-time interpretation. An elastic
alignment measure such as dynamic time warping was not
used because the scientific objective was not to treat profiles
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as equivalent after temporal warping across the day. Instead,
limited tolerance for differences in the precise timing of
activity was introduced explicitly through the within-segment
sorting variants described below. To support the reproducibil-
ity of the clustering solution, we used Padaco’s reproducibil-
ity setting, which initializes the MATLAB random number
generator with rng('default’) before clustering. The Padaco
source code is available at GitHub [29].

To estimate the number of clusters, k, we used the
prediction strength metric developed by Tibshirani and
Walther [30], together with the recommendations of Yu et
al [31]. We calculated the prediction strength statistic for up

Moore IV et al

to k=50 and selected the highest value of k& above 0.75 or,
when applicable, a local maximum or elbow in the prediction-
strength curve. In this study, we used counts for comparison,
but the same approach can be applied to other time-ser-
ies units, including raw acceleration, monitor independent
movement summaries, and related measures. To visually
assess the clustering solution, we projected the 96-bin daily
activity profiles into 2 dimensions using principal component
analysis (PCA) and overlaid the assigned cluster labels. This
PCA projection was used only as a post hoc visual diagnos-
tic of cluster structure and was not used in the clustering
algorithm or subsequent regression analyses.

Figure 2. Cluster-derived daily physical activity profiles from accelerometer count data summarized in consecutive, nonoverlapping 10-minute
intervals from 7:00 AM to 11:00 PM. The profiles illustrate 3 recurring patterns identified from the unsorted daily activity data: low activity across
the day, higher activity from morning through late afternoon, and relatively higher evening activity. The legend reports the number of daily profiles
assigned to each cluster, the number of unique participants contributing profiles to the cluster, and the participant-to-profile ratio.
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Sorting Activity Levels Prior to Clustering

Minor shifts in the precise timing of activity could cause
otherwise similar days to appear dissimilar when profiles
are compared at corresponding 10-minute intervals. At
the same time, fully aligning temporal features across the
day could remove substantively meaningful distinctions
between activity occurring in different portions of the day.
We therefore sorted activity values by magnitude within
prespecified consecutive time segments while retaining the
order of those segments before applying k-means cluster-
ing. This preprocessing allowed profiles with minor within-
segment timing differences—for example, a brief morning
activity peak at 8:00 AM versus 8:30 AM—to remain similar,
while preserving distinctions between activity occurring in
broader portions of the day. For example, it continued
to distinguish a profile characterized by high morning
activity and low afternoon and evening activity from one
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characterized by high afternoon activity and lower morning
and evening activity. A limiting version of this approach is to
sort the vectors from the highest to the lowest activity values
over the whole day, which removes clock-time ordering
while retaining information about the level and distribu-
tion of activity across the analytic window. We included
this whole-day sorting approach (Sort_01) as an extreme
comparison condition in the analysis. To preserve progres-
sively more temporal structure, we also sorted activity values
within prespecified time segments: two 8-hour segments
(Sort_02), four 4-hour segments (Sort_04), eight 2-hour
segments (Sort_08), and sixteen 1-hour segments (Sort_16;
Figure 3). Figure 3 shows the cluster centroids for the
unsorted and sorted representations used in the analysis,
illustrating the recurring activity-profile categories from
which participant-level membership variables were derived.
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Figure 3. Daily activity profiles found by sorting accelerometer data, within consecutive segments of the day, prior to clustering. Accelerometer
count data on 10-minute intervals from 7:00 AM to 11:00 PM were sorted for each participant prior to clustering. (A) Unsorted. (B) Sort_16: daily
accelerometer data are first split into 16 consecutive 1-hour segments that are individually sorted prior to clustering. (C) Sort_08: daily accelerometer
data are first split into 8 consecutive 2-hour segments that are each sorted. (D) Sort_04: daily accelerometer data are split into 4 consecutive 4-hour
segments, which are locally sorted prior to clustering. (E) Sort_02: daily accelerometer data are split into 2 consecutive 8-hour segments, which are
each sorted prior to clustering. (F) Sort_01: accelerometer data are sorted across the entire day prior to clustering. Temporal information is discarded
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Regression Models and Metrics for
Comparing Summary Measures

Model Comparison Framework

To evaluate the proposed cluster-derived summary measure
and its sorting-based variations, we compared the variation in
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a given outcome explained by each of the candidate acceler-
ometer summary measures using the coefficient of determina-
tion, R%. We selected 3 clinical outcomes for the primary
regression analysis: waist circumference, fasting triglycer-
ide levels, and fasting insulin levels. These outcomes were
selected because they represent clinically relevant markers
of central adiposity, lipid metabolism, and insulin-related
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metabolic risk in pediatric obesity, consistent with pedia-
tric cardiovascular risk frameworks [32]. Each outcome
was modeled as the dependent variable in a linear regres-
sion model that included the accelerometer-derived physical
activity measure of interest and adjusted for age and sex.
Model performance was summarized using R*> and Akaike
information criterion (AIC). R> was used to describe the
proportion of variation explained, whereas AIC was used to
compare relative model fit among candidate models with the
same outcome.

Modeling Outcome as a Function of Cut-
Point-Based Summary Measures

To compare the proportion of outcome variation explained
by traditional accelerometer summary measures, each clinical
outcome was modeled as a function of the participant-level
physical activity measure while adjusting for age and sex.
The physical activity measures included the duration spent
in each cut-point-based physical activity category defined by
Romanzini et al [8] and the daily accelerometer summary
measures proposed by Bai et al [19]. Each candidate measure
was summarized across the valid observed days contributed
by the participant and evaluated in a separate regression
model. For example, 1 model regressed the clinical outcome
on the participant’s average sedentary behavior across valid
observed days, while adjusting for age and sex:

Yi=Bo+ B A+ B, Si+ B;- AverageSB,; + ¢

where Y; is the clinical outcome for participant i, A; is age, S;
is sex, AverageSB; is the participant-level average sedentary
behavior measure, and ¢; is the error term.

Modeling Outcome as a Function of Cluster
Membership Distribution

A linear regression framework was also used to model
each clinical outcome as a function of cluster membership
distribution while adjusting for age and sex. For each
clustering solution, participant-level cluster membership was
represented as the proportion of days assigned to each cluster.
Because these proportions sum to 1 across clusters for each
participant, 1 cluster-membership proportion was omitted as
the reference category in each regression model. Specifically,
the outcome was modeled as:

k=1

Yi=Bo+ B A+ B Si+ D, Bija2-Cii +&
=1

where Cj; is the proportion of days that participant i had in
cluster j relative to the total number of valid days observed
for participant i, such that ZI]L 1Cj,i = 1. For example, if the
total clusters are k=3 and a given participant had 7 days of
activity, with 4 days belonging to cluster #1, 3 days belonging
to cluster #2, and zero days belonging to cluster #3, then their
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cluster membership distribution would be C=4/7=0.5714,
C,=3/7=0.4286, and C3=0. Thus, we are not constrained by
the total number of clusters or differences in the total number
of days available for each participant, which may vary (eg,
removal due to data cleaning), because they are normalized
according to the participant’s total contributions (7 in the
example given). This modeling approach was applied to the
clusters defined by each of our preprocessing approaches:
unsorted and sorted, in day-wise partitions of 1, 2, 4, 8, and
16 hours.

Results

The analytic sample for this baseline cross-sectional analysis
was drawn from participants in the Stanford GOALS trial
with accelerometer data meeting the prespecified daily-pro-
file screening criteria. Under the selected 7:00 AM to 11:00
PM analytic window, 1313 valid daily profiles remained
after screening, and 256 participants contributed at least 1
valid daily profile for the clustering-based analyses. Table 2
presents variance explained (R?) and goodness of fit (AIC)
corresponding to each candidate summary measure when
modeling waist circumference, fasting insulin levels, and
fasting triglyceride levels; values for a model using only age
and sex are included for reference as well.

Across outcomes, the results were broadly comparable
across candidate summary measures. No single summary-
measure approach consistently yielded the highest R? across
all 3 outcomes. For example, the proportion of variation
in insulin explained ranged from only 0.0636 (LPA) to
0.1064 (VPA) for the physical activity categories. The daily
accelerometer summary measures have a similar level of
variation explained and range from 0.0618 (AIV) to 0.1024
(TAM). Cluster member distribution explains from 0.0872
for the unsorted clusters to 0.1051 for Sort_02. Further, the
ability of all measures to explain variation varied widely
depending on the clinical outcome. For example, the unsorted
cluster membership distribution explains only 0.0221 of
the variation observed in triglycerides, 0.0872 of insulin
variation, and a proportion of 0.2300 in waist circumference
variation. Across all summary measures, the proportion of
variation explained was the highest for waist circumference,
followed by fasting insulin and then fasting triglyceride
levels.

We additionally evaluated how alternative preprocessing
or sorting methods prior to clustering influenced model
performance for each outcome. When modeling with cluster
membership distribution, variation explained was comparable
across sorting approaches. However, sorting the days in eight
2-hour sections (Sort_08) prior to clustering yielded the best
results for waist circumference (R2=0.2516, AIC=1880.5),
while presorting in two 8-hour sections (Sort_02) had
the highest R? for insulin (R?=0.1051, AIC=1949.4) and
presorting within four 4-hour sections was best for triglycer-
ides (R>=0.0585, AIC=2763.6).
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PCA overlays showed that the assigned clusters generally
occupied different regions along continuous distributions of
daily activity profiles across the preprocessing specifications
considered (Supplementary Figure S2 in Multimedia Appen-
dix 1). The distribution of variance across PC1 and PC2
changed with the preprocessing step, indicating that the
sorting specification affected which aspects of the trans-
formed daily activity profiles were emphasized in the reduced
2D space. Sort_02 showed stronger organization along PC1,
whereas Sort_04 showed additional organization along PC2.
These projections were used as visual diagnostics of the
cluster assignments and illustrate their organization in 2
dimensions but were not used to define the clustering solu-
tions or interpreted as evidence of discrete latent groups.

When modeling with physical activity categories, the
duration of SB was best for waist circumference (R?=0.2422,
AIC=1881.7), while the duration of VPA was best for insulin
(R?*=0.1064, AIC=1945.0) and triglycerides (R*=0.0288,
AIC=2765.5). When using Bai’s physical activity summary
measures, TAM performed best for modeling each outcome:
waist circumference (R2=0.2539, AIC =1850.8), insulin
(R?=0.1024 and AIC=1913.8), and triglycerides (R?*=0.0555,
AIC=2733.5).

Discussion

This baseline cross-sectional methodological analysis
evaluated a clustering-based approach for summarizing
accelerometer-derived daily physical activity profiles in
the Stanford GOALS trial. The primary contribution is
the development and evaluation of cluster-derived partici-
pant-level measures that preserve interpretable clock-time
structure across the day while remaining usable in con-
ventional regression models. Across the cardiometabolic
outcomes considered, these cluster-based measures explained
a comparable proportion of variation to traditional acceler-
ometer summary metrics. Although several physical activity
summary measures showed statistically detectable associ-
ations with cardiometabolic outcomes, the absolute var-
iance explained by these models was modest, especially
for triglycerides. This finding is expected, as triglyceride
levels and related cardiometabolic markers are influenced by
many factors beyond accelerometer-derived activity patterns,
including diet, adiposity, genetics, pubertal status, medication
use, sleep, and other behavioral or clinical characteristics.
Therefore, small differences in R? or AIC across models
should not be overinterpreted. These comparisons are most
useful for showing that cluster-derived measures can be
incorporated into conventional regression models and can
perform comparably to traditional accelerometer summaries
while preserving interpretable temporal structure, rather than
for establishing the stand-alone clinical predictive utility of
any single measure.

Summarizing accelerometer-derived physical activity
patterns in a meaningful way remains a challenge in the
field. Traditional summary measures, including cut-point—
based classifications and intensity-derived metrics, capture
important dimensions of total activity volume, intensity, and
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variability, but they generally do not retain the sequence
and timing of movement across the day [19]. Recent studies
using clustering and related temporal-pattern approaches have
shown that the timing, regularity, and daily distribution
of physical activity may provide information beyond total
activity volume alone [21,22,24,27]. Other work has also
linked later or more irregular activity patterns with poorer
behavioral or metabolic profiles [23,27]. The present study
builds on this growing literature by evaluating whether
clock-time daily activity patterns can be converted into
regression-ready participant-level measures and compared
directly with traditional accelerometer summaries.

The methodological motivation for this approach also
draws from profile-clustering applications in other time-series
domains. In civil engineering and energy systems, load-shape
clustering has been used to summarize recurring temporal
profiles from smart meter data and to support questions
about energy-use patterns and optimization [33]. Here, we
adapted that profile-based logic to accelerometer-derived
daily activity patterns. Each valid day was represented as an
aligned activity profile, clustered into common daily patterns,
and then summarized at the participant level as the distribu-
tion of days assigned to each cluster. This construction is
important because it allows temporal pattern information to
be retained while producing predictors that can be incorpora-
ted into familiar regression frameworks.

The comparison with traditional accelerometer summa-
ries suggests that cluster-derived measures can complement,
rather than replace, existing metrics. Traditional measures
are well suited for questions about total activity, time above
intensity thresholds, and overall movement volume. Cluster-
derived measures are better aligned with questions about
when activity occurs, whether daily profiles follow recog-
nizable temporal shapes, and whether particular patterns of
activity across the day are associated with health outcomes.
In this study, the cluster-based measures did not produce
uniformly larger model fit improvements, but they performed
comparably while preserving an interpretable representation
of daily temporal structure. This comparable performance
is reassuring for an alternative measure intended to address
questions about within-day activity patterns, but it does not
establish added clinical utility.

The sorting analyses further illustrate how preprocess-
ing choices can be used to align the clustering approach
with different scientific questions. Without sorting, clusters
represent activity patterns tied to specific clock times, and
the corresponding regression coefficients describe associa-
tions between outcomes and the proportion of days spent
in those clock-time activity patterns. Sorting the entire day
changes the interpretation by emphasizing sustained activity
levels regardless of when they occurred, making the resulting
measures closer to distributional or intensity-based summa-
ries. Sorting within time segments provides an intermedi-
ate option: it relaxes exact ordering within a period while
retaining some information about whether activity occurred
in the morning, afternoon, or evening. Thus, sorting is
not merely a technical sensitivity analysis; it defines the
degree of temporal invariance permitted by the representation.
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Other pairwise similarity frameworks, including dynamic
time warping or Gaussian-process—based approaches, could
be combined with hierarchical clustering. Dynamic time
warping defines similarity by allowing temporal features to
shift to improve alignment and is valuable when overall
profile shape is of primary interest and precise timing is
treated as nuisance variation. In the present study, however,
broad clock-time placement was part of the construct of
interest, while only limited within-period timing variation was
intentionally relaxed. The selected fixed-profile and within-
segment sorting approaches therefore reflect the scientific
objective rather than an arbitrary computational partition.

Because cluster-derived measures depend on analytic
choices made before and during clustering, transparent
reporting is important for interpretation and comparison
across studies. Jones et al [20] emphasized that cluster-
ing applications require clear reporting of methodological
choices, including the underlying machine learning method
and tuning decisions. For accelerometer-derived clustering,
useful reporting elements include the analytic window,
preprocessing pipeline, nonwear and device-malfunction
rules, exclusion criteria, missing-data handling, sorting or
transformation strategy, clustering algorithm, distance or
similarity measure, method for selecting the number of
clusters, random seeds or initialization settings, regression
model specifications, and code availability. These details do
not guarantee that another sample will yield the same clusters,
but they allow the analysis to be evaluated, repeated within
the same dataset, and compared across studies. This distinc-
tion matters: reproducibility within the same dataset concerns
whether the same pipeline can be rerun with the same
data, whereas external replicability concerns whether similar
patterns and associations are observed across populations,
devices, monitoring durations, and study settings.

Several limitations provide context for these findings.
First, the present analysis was conducted at baseline within
the Stanford GOALS trial and was not designed to evaluate
longitudinal changes, intervention effects, or causal relation-
ships. Although GOALS is an intervention trial, the objective
of this manuscript is methodological: to derive and evaluate
cluster-based accelerometer summaries in the baseline data.
Second, the analysis was based on 1 week of accelerometer
monitoring per participant. Longer monitoring periods may
reveal additional within-person variability and could affect
the stability of cluster-derived summaries. Third, the analytic
window was selected to retain broad daytime and evening
coverage while reducing loss of usable profiles due to
nonwear or device malfunction. This standardized represen-
tation was necessary for aligned daily-profile clustering,
but it also required excluding profiles with nonwear or
device malfunction within the analytic window. If missing-
ness was related to activity behavior or cardiometabolic
outcomes, this complete-case approach could affect estimated
associations. These considerations support prespecification of
analytic windows, exclusion rules, preprocessing decisions,
and missing-data handling in future applications.

The clustering results may also be sample dependent.
Patterns discovered in one dataset can reflect characteristics

https://formative jmir.org/2026/1/e87532

Moore IV et al

of the sample, device, monitoring protocol, preprocessing
pipeline, and selected clustering method. The number of
clusters is one especially consequential choice. We used
prediction strength to guide selection of k, but other
approaches, such as the Calinski-Harabasz index or silhou-
ette index, could lead to different solutions [34,35]. In
addition, the uncertainty associated with deriving clusters
was not fully propagated into the downstream regression
models. Resampling or bootstrap-based approaches may help
evaluate the stability of discovered patterns and the uncer-
tainty of their associations with outcomes. Generalizability
is also bounded by the study population and design: partici-
pants were Latino children with overweight or obesity from
low-income families, monitored over a 1-week period in a
baseline cross-sectional setting. External validation is needed
to determine how well these activity-pattern summaries
transfer to other populations, devices, monitoring durations,
and settings.

Future work can extend this framework in several
directions. Within GOALS and similar studies, longitudinal
and intervention analyses could evaluate whether baseline
cluster-derived summaries predict change in cardiometabolic
outcomes or whether changes in activity-pattern member-
ship correspond to intervention response. External valida-
tion studies can assess whether similar temporal patterns
emerge in other cohorts and with other accelerometer-pro-
cessing pipelines. A systematic methodological comparison
of fixed-alignment clustering with dynamic time warping
or Gaussian-process—based similarity measures followed by
hierarchical clustering could further characterize the tradeoff
between preserving clock-time interpretability and allowing
elastic shape-based alignment. Individual-level clustering
may also be useful when the research question concerns
deviations from a person’s usual activity pattern rather than
differences across participants. Finally, the same general
profile-based logic could be evaluated using other accelerom-
eter scales, such as monitor-independent movement summary
measures or raw acceleration signals, and possibly other
intensively sampled behavioral or sensor-derived time series.

In conclusion, cluster-derived daily activity measures
provide a regression-ready way to summarize accelerome-
ter profiles while retaining information about both activity
magnitude and within-day timing. In this baseline meth-
odological analysis, these measures performed comparably
to traditional accelerometer summaries while capturing a
different aspect of physical activity behavior: the shape and
timing of daily movement patterns. The approach is there-
fore best viewed as a complement to existing accelerometer
metrics rather than as a demonstrably superior predictor of the
cardiometabolic outcomes examined here. With transparent
reporting, external validation across diverse populations and
settings, and further evaluation in longitudinal and interven-
tion analyses, cluster-derived profile measures may help
expand how accelerometer data are used to study relation-
ships between daily activity patterns and health outcomes.
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