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Examining physical activity clustering using
machine learning revealed a diversity of 24-
hour step-counting patterns

Saida Salima Nawrin'", Hitoshi Inada'*", Haruki Momma? and Ryoichi Nagatomi'?"

Abstract

Background Physical activity is a crucial aspect of health benefits in the public society. Although studies on the
temporal physical activity patterns might lead to the protocol for efficient intervention/program, a standardized
procedure to determine and analyze the temporal physical activity patterns remains to be developed. Here, we
attempted to develop a procedure to cluster 24-hour patterns of physical activity as step counts measured with an
accelerometer-based wearable sensor.

Methods The 1 Hz step count data was collected by a hip-worn triaxial accelerometer from 42 healthy participants,
comprising 35 males and 7 females, at the Sendai Oroshisho center in 2008. This is a cross sectional study using
unsupervised machine learning, specifically the kernel k-means algorithm with the global alignment kernel was
applied on a total of 815 days from 42 participants, and 6 activity patterns were identified. Further, the probability of
each 24-hour step-counting pattern was calculated for every participant and used for spectral clustering of step-
behavioral patterns.

Results We could identify six 24-hour step-counting patterns and five daily step-behavioral clusters. We could
further identify five step-behavioral clusters, all-day dominant (21 participants), all-day + bi-phasic dominant (8
participants), bi-phasic dominant (6 participants), all-day + evening dominant (4 participants), and morning dominant
(3 participants). When the amount of physical activity was categorized into tertile groups reflecting highly active,
moderately active, and low active, each tertile group consisted of different proportions of six 24-hour step-counting
patterns

Conclusions Our study introduces a novel approach using an unsupervised machine learning method to categorize
daily hourly activity, revealing six distinct step counting patterns and five clusters representing daily step behaviors.
Our procedure would be reliable for finding and clustering physical activity patterns/behaviors and reveal diversity in
the categorization by a traditional tertile procedure using total step amount.

fSaida Salima Nawrin and Hitoshi Inada contributed equally to this
work.

*Correspondence:

Hitoshi Inada
hinada@med.tohoku.acjp
Ryoichi Nagatomi
nagatomi@med.tohoku.acjp

Full list of author information is available at the end of the article

© The Author(s) 2024. Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0
International License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long as you
give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you modified the

licensed material. You do not have permission under this licence to share adapted material derived from this article or parts of it. The images or
other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation
or exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http://
creativecommons.org/licenses/by-nc-nd/4.0/.


http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s44167-024-00059-3&domain=pdf&date_stamp=2024-8-9

Nawrin et al. Journal of Activity, Sedentary and Sleep Behaviors

(2024) 3:19

Page 2 of 12

[Keywords Physical activity, Step-counting patterns, Daily step behaviors, Unsupervised machine learning j

Background

Physical activity is a crucial aspect of maintaining good
health and well-being. World Health Organization
(WHO) defines “physical activity as any bodily move-
ment produced by skeletal muscles that requires energy
expenditure” and recommends at least 75-150/150-
300 min of vigorous/moderate-intensity aerobic physical
activity throughout the week [1]. WHO also mentioned
that physical inactivity is one of the leading risk factors
for global mortality, causing an estimated 3.2 million
deaths per year [2]. Many observational and intervention
studies suggested that regular physical activity has been
linked to numerous physical and mental health benefits,
including reducing the risk of chronic diseases, improv-
ing cardiovascular health, maintaining a healthy weight,
improving mental health, and enhancing the overall qual-
ity of life [3-7]. However, a recent systematic review and
meta-analysis of randomized controlled trials indicated
that interventions to maintain physical activity behavior
was effective in short periods (at least three months) but
provided a small impact on the long-term maintenance
of physical activity [5]. Therefore, it is critical to figure
out efficient ways integrated into daily life to promote
and maintain physical activity for the improvement of the
health and well-being of the public.

A historical topic in public health is what kind, how
much, and how intense physical activity is required for
health benefits [8]. One of the simplest ways to increase
and maintain physical activity is to walk/move more and
longer [9-11] as shown in the 10,000-steps campaign
[12-14]. A recent meta-analysis reported that taking
more steps per day was associated with lower mortality
risk, where the risk plateaued at approximately 6,000—
8,000 steps or 8,000—10,000 steps per day for older (=60
years) or younger adults (<60 years), respectively [15].
Most of the previous research on physical activity has
concentrated on how the total amount of activity based
on its intensity and duration is linked to health [16-18].
However, analyzing only the total amount of physical
activity might overlook a complete understanding of the
activity behavior since the metrics of the total amount of
physical activity tends to exclude or underestimate the
effect of temporal variations of physical activity.

Several recent studies using clustering approaches
using big data sets have reported the association between
physical activity patterns and health outcomes, such as
mortality risk, blood pressure, adiposity, and depres-
sive symptoms [19-22]. The clustering approach could
have the potential to be a mainstream of physical activity
analyses in the epidemiology field in the future since the
popularization of smartphones or wearable devices with

accelerometers enables the collection of a vast data set of
physical activity with higher temporal resolution [23, 24].
Therefore, a standardized, robust, and reliable procedure
analyzing temporal patterns of physical activity from big
data needs to be developed.

Recently, several studies focused on the 24-hour tem-
poral physical activity patterns using a narrower criterion
for physical activity, such as steps or body movements
objectively measured with an accelerometer [25-29].
An earlier study that analyzed the relationship between
activity rhythm disturbances and depression identi-
fied eight sub-clusters in older adults (=65 years) [27].
Late or combined early/compressed/dampened activ-
ity rhythms may independently contribute to depression
symptom development [27]. Another recent report using
activity counts for seven days in US adults indicated
that, although the lowest physical activity counts cluster
showed a higher obesity index including body mass index
and waist circumference than the other clusters showing
higher activity counts, the clusters also expressed differ-
ent temporal patterns of physical activity [25]. Moreover,
an increase in cardiovascular disease risk was observed
in the inactive cluster than the other clusters (evening
active, moderately active, and very active) [26] from the
data of The Northern Finland Birth Cohort 1966 study
[30]. The latest report combining activity timing/period
and pattern robustness identified sub-groups with pro-
gressive depression symptoms and impaired cognitive
performance in aging [29]. Therefore, understanding
temporal physical activity patterns would help extract
informative health outcomes.

In the previous studies above, participants were first
clustered by several selected features indicating physical
activity patterns, and the physical activity patterns in 24 h
were analyzed. However, those procedures have difficulty
analyzing temporal physical activity patterns directly
because of their methodological restrictions, in which
participants were first clustered by extracted individual
features of the physical activity patterns and then ana-
lyzed. In this study, we propose a novel procedure for the
direct clustering of physical activity based on the tempo-
ral step-counting patterns with unsupervised machine
learning irrespective of the total volume of physical activ-
ity. Subsequently, we could identify five step-behavioral
clusters of participants, based on the proportion of each
step-counting pattern. Furthermore, we analyzed the
proportion of the temporal step-counting patterns and
step-behavioral clusters of groups categorized by a tra-
ditional tertile procedure. The results revealed potential
diversity in categorizing by the tertile procedure using
total step amount. Our approach could provide a useful
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procedure to analyze temporal patterns of physical activ-
ity in a direct manner.

Materials and methods

This cross-sectional study analyzed data from 42 partici-
pants, collected using a hip-worn triaxial accelerometer
for up to 25 days, to investigate physical activity pat-
terns. Five participants with less than three days of data
are excluded from this study since at least three days of
data are required to determine the dominant daily step
behavior based on the twenty-four-hour step-counting
patterns. Previous research also indicated that a mini-
mum of three days of accelerometer data is necessary for
the accurate prediction of physical activity for adults [31].
After excluding data from 47 participants with less than
three days of recorded activity, the final dataset included
42 participants with an average of 1914 days of data. The
1 Hz step count data was converted into hourly data,
resulting in 815 days of hourly data for clustering. Using
the kernel k-means algorithm with the global align-
ment kernel in the tslearn Python package, six clusters
of 24-hour physical activity patterns were identified. The
probability of each pattern for each participant was calcu-
lated and used for spectral clustering in MATLAB, yield-
ing five clusters of daily step behavior. Daily step amounts
were categorized into tertile groups (low, medium, and
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high), and the proportion of total activity within these
groups was examined in relation to the 24-hour patterns
and activity behaviors. The detailed method is explained
in the flow chart (Fig. 1). A scale effect analysis by simu-
lation was performed to confirm the reliability of our
results from the limited sample numbers since the data
set used in the study is the secondary use of a subset of
the previous cohort study [32], and detection of the activ-
ity pattern was not assumed from the physical activity
measured by accelerometers.

Participants and data collection
We used the anonymized activity counting data obtained
in the previous study [32], in which participatns were
recruited in August 2008 throughout an annual health
examination at the Sendai Oroshisho center, provided
and agreed with informed consent for their data to be
analyzed [32]. The data collected from forty-seven par-
ticipants between August and September 2008 in Sendai
Oroshisho center was used for a series of analyses. The
Institutional Review Board of the Tohoku University
Graduate School of Medicine have approved the current
study protocol (Approval number: 2019-1-394).

Step count data was continuously collected by a hip-
worn triaxial accelerometer (Fig S1, Nipro Welsup-
port, model no wat3663, Japan) for up to 25 days from

I 47 healthy Japanese participants I

5 participants
with less than

y

A

v

2 days step
counting data
were excluded.

42 participants provided at least 3
days step counting data
(Total 815 days)

VL

A

6 temporal patterns were
identified by clustering using

3 groups by tertile grouping
* High: =2 6946 steps

unsupervised machine learning.
(AD, BP, M, E, IM, and IN)

* Medium: 4127 < steps < 6946
* Low: <4127 steps

Comparison

5 behaviors were identified by
clustering using unsupervised
machine learning.

(AD, AD+BP, BP, AD+E, and M)

Fig. 1 Flow chart
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forty-seven participants. Participants were instructed to
wear the accelerometer continuously without removing
it except for sleeping or taking a shower/bath during the
recording period. We did not collect specific informa-
tion regarding the number of hours they did not wear the
device. Data from participants with less than three days
was excluded for statistical reasons [31]. Forty-two par-
ticipants have the complete set of data. The demography
of the forty-two participants (35 males and 7 females).
Each participant has 19+4 days of data. The data sam-
pling rate was 1 Hz. The triaxial accelerometer, Welsup-
port, directly classifies physical activity into eight types of
activities from acceleration data (count accuracy is within
+5% in the catalog spec). Eight types of activities are
recorded as below: 0, Resting; 1, Moving while standing;
2, Going down using a vehicle; 3, Going up using vehicle;
4, Going down using stairs; 5, Walking on the ground
level; 6, Going up using stairs; 7, Running; 8, Lying down.
Numbers of indices 5-7 were counted as steps. The other
indices were counted as zero.

Software for data processing and visualization
MATLAB (2021a, MathWorks, MA) and Python (3.11.0)
were used for data processing and visualization.

Twenty-four-hour step-counting pattern

The activity counting data at 1 Hz sampling rate was first
converted hourly for each 24-hour. A total of 815 days of
hourly data was used to cluster the 24-hour step-counting
patterns by unsupervised machine learning using tslearn,
a Python package for time-series analysis [33]. The ker-
nel k-means algorithm was used for clustering with the
global alignment kernel (GAK). The optimal number of
clusters was determined using the elbow method. An
infection point was observed at cluster number 6, and the
Inertia (Sum of distances of samples to their closest clus-
ter center computed using the kernel trick) resulted in a
minimum at the point (Fig. S2). Six clusters of 24-hour
physical activity patterns were obtained (Fig. 2).

Dominant daily step behavior

Dominant daily step behavior was further identified
for each participant by clustering based on the 24-hour
physical activity patterns. First, the probability of each
24-hour step-counting pattern is calculated for each par-
ticipant based on the formula below.

Probability of each 24 — hour step — counting pattern
_ Number of a paticular pattern

Total number of days

Vectors of the probability of each 24-hour step-counting
pattern (with six values) were used to cluster the daily
step behaviors. A MATLAB function, spectralcluster(),
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was used for the spectral clustering. The spectralclus-
ter() calculates the eigenvalues of the Laplacian matrix
when data and a certain cluster number are given. The
optimum cluster number was chosen based on the eigen-
values because the number of eigenvalues with approxi-
mately zero is a reasonable estimate of the number of
clusters in the given data [34]. Five clusters of daily step-
behavior were obtained.

Tertile clustering of daily physical activity based on the
daily step amount
The daily step amount for 815 days was divided into the
tertile group (low, medium, and high). Each group is
defined as:

Low: Daily step amount<=4127.

Medium: 4127 <Daily step amount <6946.

High: Daily step amount>=6946.

Statistical analysis

Pearson chi-squared test was performed with (JMP pro
16.0.0) for all statistical analyses where P<0.05 is consid-
ered significant.

Scale effect analysis by simulation

A scale effect analysis by simulation was performed to
confirm the reliability of our results from the limited
sample numbers since the data set used in the study is
the secondary use of a subset of the previous cohort
study [32], and detection of the activity pattern was not
assumed from the physical activity measured by acceler-
ometers in the previous study. In the scale effect analyses
on the number of days, a different number of days (3, 6,
9, 12, 15, and 18 days) was randomly selected from the
data set for each participant, and a clustering procedure
was performed as mentioned above. If the selected par-
ticipant did not have the indicated number of days (i.e.,
an analysis requires 18 days, but 6 days are available), a
maximum available number of days was used. In the scale
effect analyses on the number of participants, a different
number of participants (10, 20, and 30 participants) was
randomly selected, and a clustering procedure was per-
formed as above.

Technical note for clustering strategy

By using combined data from all 42 participants rather
than analyzing each participant’s data individually, this
study reduces several potential biases. Aggregating the
data helps mitigate individual variability bias, ensuring
that the results reflect broader trends rather than being
influenced by outliers. It also increases the overall sam-
ple size, enhancing statistical power and the robustness
of the findings. This approach reduces selection bias,
ensuring the results are more representative and not
overly influenced by any single participant. Additionally,
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Fig. 2 Six step-counting patterns for 24 h. Temporal step-counting pattern for 24 h identified using unsupervised machine learning. (A) All traces of
step-counting activity in each pattern. (B) Averaged traces (mean + SD) of step-counting activity in each pattern. AD, all-day; BP, bi-phasic; M, morning; E,

evening; IM, irregular morning; IN, irregular night
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Table 1 Demographical information Table 2 Proportion of each step-counting pattern
Variables Mean+SD Pattern Days % of days
Age (Years) 4559+10.96 All-Day (AD) 330 40.5
Weight (kg) 55.83+10.69 Bi-phasic (BP) 146 17.9
Body fat (%) 29.37+6.29 Morning (M) 129 15.8
BMI 22.10+342 Evening (E) 106 13.0
Waist (cm) 78.04+9.72 Irregular morning (IM) 64 7.9
Note Demographic information for 42 participants Irregular night (IN) 40 49
Total 815 100

combining data from multiple days accounts for day-to-
day variations in activity, providing a more comprehen-
sive view of typical patterns. Lastly, this method dilutes
the effect of measurement errors or anomalies in indi-
vidual step counts, leading to more reliable and accurate
results.

Results

This cross-sectional study analyzed data from 42 partici-
pants (35 males and 7 females from August to Septem-
ber 2008 in Miyagi prefecture, Japan) collected using
a hip-worn triaxial accelerometer for up to 25 days, to
investigate physical activity patterns. After excluding
data from 5 participants out of 47 participants who had
less than three days of recorded activity, the final dataset
comprised 42 participants, each contributing an average
of 19+4 days of data. The 1 Hz step count data was con-
verted into hourly data, resulting in 815 days of hourly
data for clustering. Using the kernel k-means algorithm
with the global alignment kernel in the tslearn Python
package, six clusters of 24-hour physical activity patterns
were identified. The probability of each pattern for each
participant was calculated and used for spectral clus-
tering in MATLAB, yielding five clusters of daily step
behavior. Daily step amounts were categorized into tertile
groups (low, medium, and high), and the proportion of
total activity within these groups was examined in rela-
tion to the 24-hour patterns and activity behaviors. The
detailed method is illustrated in the flow chart (Fig. 1).
The demography of the participants is shown in Table 1.

Twenty-four-hour step-counting pattern

Step count data obtained with a triaxial accelerometer
was first converted hourly for each 24-hour and then
applied for the clustering with unsupervised machine
learning (See Methods). Figure 2 shows six 24-hour
step-counting patterns identified: all-day (AD, 330 days),
bi-phasic (BP, 146 days), morning (M, 129 days), eve-
ning (E, 106 days), irregular morning (IM, 64 days), and
irregular night (IN, 40 days). AD showed a continuous
high step count from 9:00 to 19:00. BP showed increased
step counts from 8:00 to 21:00 but had two peak peri-
ods at 9:00 and 19:00. Step counts between 10:00—16:00
was slightly low in BP. M started actively around 6:00,
kept on high step counts until 14:00, and gradually

Note In total 815 days, the AD pattern was the most common, followed by BP, M,
and E. IM and IN patterns were less frequent

Table 3 Step count amount and duration for each pattern

Pattern Step count amount Activity
mean+SD duration
(hours)
mean+SD
All-Day (AD) 70200+£32714 14.29+£2.28
Bi-phasic (BP) 61782431021 14544261
Morning (M) 6473.7+4220.1 12494397
Evening (E) 4871.0+3091.9 10.91+4.30
Irregular morning (IM) 2597.6+34814 5.67+5.39
Irregular night (IN) 3977.2+5540.0 7.82+648

Note Each step-counting pattern had different daily step counts. AD had the
highest, followed by M and BP, then E. IN and IM had the lowest counts. In terms
of duration, the BP pattern exhibited the longest activity duration per day,
followed by AD, M and E patterns. IM and IN has the lowest duration of activity

decreased in activity after 15:00. By contrast, E started
active afternoon and showed peak step counts between
16:00-18:00. IM showed high step counts mainly in
the morning from 5:00 to 13:00 and decreases in activ-
ity after 15:00. IN showed high step-counts from 19:00
to midnight. Table 2 summarizes the proportion of each
step-counting pattern. Among 815 days, AD was the
most dominant pattern (330/815, 40.5%), and the BP pat-
tern followed (146/815, 17.9%). M and E patterns were
15.8% and 13.0%, respectively. IM and IN were minor
patterns, less than 10% (7.9% and 4.9%, respectively). The
proportion of each pattern showed significant differences
except for a difference between IM and IN (Table S1).
Each step-counting pattern showed a different step-count
amount (Table 3). The AD showed the highest step-count
amount per day (7020.0+£3271.4 counts). The M and BP
patterns were similar, and the E pattern followed. The IN
and IM patterns showed lower step count amounts. AD,
BP, and M patterns differed significantly from E, IM, and
IN (Table S2). Among E, IM, and IN patterns, a signifi-
cant difference was observed between E and IM patterns.
Regarding duration, the BP pattern showed the longest
duration of activity per day (14.54+2.61 h). The AD and
M followed. Generally, the AD and BP patterns shared
58.4% of total days and showed higher/longer step count
amounts per day. The M pattern was more active than the
E pattern. The IM and IN shared a minor proportion in
days (12.8%) and showed the lowest step-count amount.
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All the pairs show a difference (p<0.05) except BP-AD
(Table S3).

Clustering dominant daily step-behaviors

According to the six 24-hour step-counting patterns, we
further clustered participants based on the probability of
each pattern. We found five daily step-behavioral clus-
ters; AD dominant (21 participants), AD+BP dominant
(8 participants), BP dominant (6 participants), AD+E
dominant (4 participants), and M dominant (3 partici-
pants) (Fig. 3). Half of the participants (21) belong to the
AD-dominant (S4 Table), consistent with the result that
AD was the most frequent step-counting pattern. The
AD+BP was the following frequent behavior. The other
daily step behaviors shared minor proportions. There
were no IM dominant or IN dominant step behaviors due

AD dominant
A (21 participants)

IN BP IN
M M M
E
AD+E dominant
(4 participants)
AD

IN BP IN
M M IM
E
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(8 participants)
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to their minor proportions in the 24-hour step-count-
ing patterns. Interestingly, mean values of step count
amounts for each step behavior were similar (Table S4).
Table 4 represents the probabilities of six step-count-
ing patterns in each daily step-behavioral cluster. The
AD dominant step-behavior accounts for most of the
AD pattern (0.5515%0.1492). AD dominant step behav-
ior also consists of a significant portion with the M
pattern (0.1227+0.0888). Other step-counting pat-
terns are less. AD+BP step-behavior is characterized
by a significant share of AD and BP step-counting pat-
terns (0.4031+0.1021 and 0.2964+0.0586, respectively).
AD +BP step-behavior also contains a significant amount
with the M step-counting pattern (0.1587+0.0748),
while other step-counting patterns are less frequent. BP
dominant step-behavior shares a significant proportion

BP dominant
(6 participants)

M dominant
(3 participants)

AD

B
AD dominant AD+BP dominant BP dominant
AD AD AD
IN BP IN BP IN BP
M M IM M IM M
E E E
AD+E dominant M dominant
AD AD

IN BP IN
M M M
E

Fig. 3 Five step-behaviors. Step behavior clusters were identified using unsupervised machine learning. (A) All traces of proportion of step-counting
patterns in each behavior. (B) Averaged traces (mean) of the proportion of step-counting patterns in each behavior. AD, all-day; BP, bi-phasic; M, morning;

E, evening; IM, irregular morning; IN, irregular night
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Table 4 Probability of 24-hour step-counting patterns in each daily step-behavior

Behavior Mean (SD)
AD BP E IM IN

AD dominant 05515 0.0887 0.1227 0.0998 0.0886 0.0486
(0.1492) (0.0606) (0.0888) (0.0702) (0.1190) (0.0610)

AD+BP 04031 0.2964 0.1587 0.0850 0.0398 0.0117
(0.1021) (0.0586) (0.0748) (0.0800) (0.0362) (0.0237)

BP dominant 0.0740 0.3984 0.0833 0.2045 0.0915 0.1482
(0.0468) (0.1167) (0.0701) (0.1356) (0.0752) (0.1694)

AD+E 0.4195 0.0916 0.0770 03815 0.0156 0.0147
(0.0168) (0.0422) (0.0938) (0.0771) (0.0313) (0.0294)

M dominant 0.1267 0.0903 0.6235 0.0175 0.1105 0.0314
(0.1378) (0.0604) (0.1509) (0.0304) (0.0301) (0.0278)

Note This table displays probabilities of six step-counting patterns in daily step-behavioral clusters. AD dominant behavior is mostly AD pattern, with some M
pattern. AD+BP is mainly AD pattern and BP pattern, with some M pattern. BP dominant behavior is primarily BP pattern, with minor IN pattern and E pattern.
AD+E behavior is evenly split between AD pattern and E pattern. M dominant behavior is mostly M pattern, with some AD pattern and IM pattern.IMand IN are less
common but present in all clusters, especially in M dominant and BP dominant behavior respectively

of the BP step-counting pattern (0.3984%0.1167). This
step behavior also contains a minor amount with the
IN and E step-counting patterns (0.1482+0.1694 and
0.2045%0.1356, respectively). AD+E step-behavior
consists of a similar amount with the AD and E step-
counting patterns (0.4195+0.0168 and 0.3815+0.0771,
respectively), while other step-counting patterns are less.
M dominant behavior is characterized by most of the M
step-counting pattern (0.6235+0.1509) and also consists
of less frequency of the AD and IM step-counting pat-
terns (0.1267+0.1378 and 0.1105+0.0301, respectively).
Though IM and IN step-counting patterns share the least
number of days and do not show any dominant step-
behavioral clusters, these step-counting patterns show
some prevalence in all step-behavioral clusters, espe-
cially in BP dominant and M dominant step-behavioral
clusters.

Scale effect evaluation by simulations

We then investigated the scale effects of day and partici-
pant numbers on cluster identification (Fig. 4 and Figs
S3-6). First, the number of days was randomly selected
from 3 to 18 days per participant, and our procedure
was applied. When 3 days of data per participant were
used, only 4 step-counting patterns (Fig. 4A and Fig S3A)
and 3 step behaviors (Fig. 4B and Fig S4A) were identi-
fied. By increasing the number of days, the number of
step-counting patterns and step behaviors increased
and reached a plateau over 9 days of data per participant
(Fig. 4A and B). The step-counting patterns identified
from 3 to 18 days of data were consistent with those from
the full data set (Fig. 2 and Fig S3), although step behav-
iors were slightly different from those of the full data set
(Fig. 3 and Fig S4). When 15 days per participant (540
days from 36 participants) were selected, step behaviors
became consistent with those from the full data set were
detected set (Fig S4B).

We then examined the scale effect of participant num-
ber on the step behavior clustering by our procedure.
When 10 participants were randomly selected, 5 step-
counting patterns were identified (Fig. 4C and Fig S5),
while only 2 step behaviors were detected (Fig. 4D and
Fig S6). When 20 participants, step-counting patterns
increased to 6 but the number of step behaviors was
four (Fig. 4C and D). Analysis using 30 participant data
set (572 days) showed a similar result to the full data set
(Fig. 2 and Fig S6). These results suggest that at least 15
days per participant (42 participants) or data set from
30 participants (572 days) are required to obtain robust
results.

Diversity of temporal step-counting patterns is buried in a
traditional tertile categorization
We identified six 24-hour step-counting patterns and five
daily step behavior clusters using unsupervised machine-
learning approaches. Then, we compare the step amounts
from these step-counting patterns to those from tradi-
tional grouping approaches such as the tertile procedure.
Table 5 summarized the composition of step-counting
patterns in each tertile group. AD is the most dominant
step-counting pattern in the high and mid groups (52.7%
and 46.6%, respectively). However, the composition of
BP, M, and E step-counting patterns differed between the
high and mid groups. On the other hand, the low tertile
group consists of a relatively similar proportion for each
step-counting pattern. The proportion of tertile groups in
each step-counting pattern was consistent with the result
above (Table 6). In the AD pattern, the high tertile group
is dominant (44.2%) and followed by the mid (37.9%) and
low groups (17.9%). In of BP pattern, mid tertile group
is the most dominant (50.7%) and followed by the high
(26.0%) and low (23.3%) tertile groups. The low tertile
and high tertile groups were similar (39.5%) and (38.0%)
of days in the M pattern. In the E pattern, the low tertile
group is the dominant (42.2%), followed by mid (31.1%)
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Fig. 4 Scale effect evaluation by simulations. The effects of day and participant numbers on cluster identification were investigated. The effects of differ-
ent numbers of days on identifying the numbers of step-counting patterns (A) and step behaviors (B). The effects of different numbers of participants on

identifying the numbers of step-counting patterns (C) and step behaviors (D)

Table 5 Proportion and number of days of 24-hour step-counting pattern in each tertile group

Activity AD BP M E IM IN Total

High 52.7% 13.7% 17.7% 8.3% 4.0% 3.6% 277
146 38 49 23 11 10

Mid 46.6% 27.6% 10.8% 12.3% 1.5% 1.1% 268
125 74 29 33 4 3

Low 21.9% 12.6% 18.9% 18.5% 18.1% 10.0% 270
59 34 51 50 49 27

Note This table outlines step-counting pattern compositions across tertile groups. AD predominates in high and mid groups, while BP, M, and E patterns vary
between high and mid groups. Conversely, the low tertile group shows a more balanced distribution across patterns

and high (21.7%). IM and IN patterns consist of low ter-
tile groups (76.6% and 67.5%, respectively. Each group
showed significantly different compositions (Table S5
- S8).

Discussion

In this study, we attempted to develop a procedure to
cluster 24-hour step-counting patterns, as physical activ-
ity patterns, using unsupervised machine learning. We
identified six step-counting patterns and five daily step
behavior clusters. Comparing traditional tertile proce-
dure (high, medium, and low) using daily step amounts,
a different proportion of six 24-hour step-counting pat-
terns were observed in each tertile group, suggesting
heterogeneity in the categorization by the traditional
procedure.

The “temporal patterns of physical activity” in the
general term have been paid more attention in recent
decades [25, 35—-37]. However, the situation is confus-
ing since this general term includes different “activity”
aspects, such as simple body movements or steps [25],
active/sedentary behaviors [35], social behaviors [36], or
those combinations [37]. Only several studies focused on
the 24-hour temporal physical activity patterns, such as
body movements or steps in a narrower criterion [25—
29]. For clustering, some previous studies extracted and
used several features, such as rhythm height, timing and
robustness of physical activity [27], several parameters
affecting phase shape and length of rest-activity rhythm
[28, 29], or timing, intensity, and duration of activ-
ity [25]. Another study used 7-day-continuous data of
physical activity counts for clustering and then analyzed
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Table 6 Proportion and number of days of tertile groups for
each 24-hour step-counting pattern

Pattern High Mid Low Total
AD 44.2% 37.9% 17.9% 330
146 125 59
BP 26.0% 50.7% 23.3% 146
38 74 34
M 38.0% 22.5% 39.5% 129
49 29 51
E 21.7% 31.1% 422% 106
23 33 50
IM 17.2% 6.3% 76.6% 64
11 4 49
IN 25.0% 7.5% 67.5% 40
10 3 27

Note Tertile group proportions align with previous findings as in Table 5. In the
AD pattern, high tertile dominates, followed by mid and low. BP is mostly in the
mid tertile, followed by high and low. M pattern is similar in low and high tertile.
E pattern is dominated by the low tertile, followed by mid and high. IM and IN
patterns are mainly in the low tertile groups

intensity and temporal patterns of physical activity for
24 h [26]. These studies adopted a two-step strategy, that
is, (1) clustering by extracted features and (2) analyzing
24-hour patterns of physical activity. By contrast, our
procedure first directly identified the 24-hour patterns
of physical activity from bulk data of daily step-counting
records using time-series clustering analysis (Fig. 2) and
further clustered participants depending on the prob-
ability of each pattern (Fig. 3). Therefore, our strategy
appears more straightforward, direct, and intuitive than
previous studies.

Recently, a study on temporal physical activity patterns
in big data of US adults using machine learning has been
reported by Guo et al. [38]. In the study, physical activity
counts for 24 h were aligned by Dynamic Time Warping
(DTW) with a global constraint using the Sakoe-Chiba
Band [39] and then clustered by kernel k-means [40], and
kernel hierarchical agglomerative clustering with Ward’s
Linkage [41]. The procedure by Guo et al. is sophisticated
and similar to our approach to figuring out temporal
physical activity patterns directly from time series data
with high temporal resolution. However, our approach
differs from the procedure by Guo et al. in three points.
(1) While the procedure by Guo et al. applied the DTW
to the data with a high time resolution, which requires
a high computation power using a Graphics Process-
ing Unit (GPU) and CUDA parallel computing platform
to accelerate the computation of the distance matrices
[38], we used a data set with every-hour data to reduce
computing effort. (2) Our procedure might be more
sensitive to finding minor irregular patterns, while the
procedure by Guo et al. may be suitable for identifying
robust patterns [38]. Even considering the different data
sets between our work and the study by Guo et al., BP,
IM, and IN were not observed in their study [38]. (3)
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Our approach using the dominant daily step behaviors
allows us to attribute temporal physical activity patterns
in terms of timing, enabling epidemiological study for
health outcomes [22].

The scale effect analyses by simulation using different
numbers of randomly selected data sets indicated the
limitation of our procedure when applying for a smaller
number of data (Fig. 4 and Figs S3-6). The analyses indi-
cated that at least 15 days per participant (540 days from
36 participants) or data set from 30 participants (572
days) are required to obtain robust results, suggesting
that over 500 days of data set could be essential. The rela-
tionship between the number of days per participant and
participants remains to be investigated using a larger data
set.

Conventional quantile procedure has been employed
on the total amount of activity to categorize data into
some clusters because of its simple application. Recently,
however, quantile procedure has been pointed for a few
potential problems; (1) reduction of detection power, (2)
multiple comparison testing, (3) assuming the homoge-
neity of risk within the group, and (4) difficulty in com-
paring results within studies [42, 43]. Unfortunately, these
problems remain to be unsolved to date as discussed in a
recent review [44]. Our procedure described in this study
might provide a complementary strategy to compensate
for the heterogeneity in the quantile-based clustering.
Our study showed an association between step-counting
patterns and step amounts and heterogeneity in step-
counting patterns among tertile groups based on the step
amount, producing a typical example of the second prob-
lem (Tables 5 and 6). Our approach may be helpful for
understanding and handling the heterogeneity derived
from different physical activity patterns between/within
the groups, considering it as a confounding factor.

A significant limitation of the current study is that
our dataset was small and collected from office work-
ers in the Miyagi area in the Tohoku region, Japan. As
daily activity depends on job type and the geographi-
cal area where participants live, it is still challenging to
mention how our procedure can be generalized for dif-
ferent populations. A more extensive and diverse dataset
needs to be analyzed to confirm our procedure’s reliabil-
ity, robustness, and reproducibility. Our approach using
unsupervised machine learning to daily activity behavior
and patterns may help to understand people’s promi-
nent behaviors considering heterogeneity. However, as
shown in the scale effects evaluation (Fig. 4), even with
a relatively small sample size (9 days per person, 30 par-
ticipants), our procedure is sensitive enough and could
lead to general applications to temporal activity analysis.
Although the assocition between our results and health
outcomes is beyond the goal of this study, our proce-
dure might be reliable for identifying specific patterns
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of physical activity and contribute to revealing the asso-
ciation between particular activity behaviors and positive
health outcomes by combining our procedures to identify
specific physical activity patterns with the other crite-
ria, including activity intensity, sedentary behaviors, and
sleep/awake cycles.

Conclusion

In our study, we introduced a new approach using unsu-
pervised machine learning to group 24-hour step-count-
ing patterns. This approach revealed six distinct patterns
and five clusters of daily step behaviors. We found signifi-
cant heterogeneity in daily step behavior categorization
when applying a traditional tertile procedure based on
total step amount, emphasizing the importance of con-
sidering temporal variations in activity.
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M Morning

E Evening
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