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Abstract

Methods: The research encompassed 135 participants (average age: 43.8±12.3 years; 65.2% female), including individuals with
a history of major depression, those with obesity, and health-care professionals participating in a workplace health program.
Body Mass Index (BMI) and the Patient Health Questionnaire-9 (PHQ-9) scale were employed to determine obesity and
depression levels, respectively. Activity data were collected over a minimum of four weeks using wrist actigraphy devices and
the Rhythm app, yielding 3,973 person-days of data. The Rhythm app tracked human-smartphone interactions and computed rest-
activity rhythm (RAR) patterns, including interdaily stability (IS), from both standard actigraphy and app-derived data, thus
offering two distinct RAR measurements. Social-physical coherence was assessed by combining physical activity data from
actigraphy with social activity data derived from human-smartphone interactions.

Results: Findings demonstrated a significant positive correlation between social-physical coherence and IS, particularly
significant in app-derived IS (ISapp) over a period of 1-6 weeks. Analysis of the relationship with BMI revealed a significant
negative correlation for both social-physical coherence and ISapp within the first 2-4 weeks, whereas no notable correlation was
found with actigraphy-based IS (ISact). Regarding depressive symptom scores, a borderline-significant negative correlation was
observed with ISact when examining data from the first 1, 3, 4, or 5 weeks (P=.054 to .062). No significant correlation was found
between social-physical coherence or ISapp and PHQ-9 scores across all timeframes studied.

Conclusions: This study leveraging digital phenotyping through actigraphy and human-smartphone interactions, reveals an
inverse relationship between social-physical coherence and obesity, and a more complex association with depression.
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Abstract

Introduction:  The interrelationship  between physical  and social  activities  plays  a

crucial role in influencing health outcomes, particularly in populations with obesity

and depression. This study aims to develop the "social-physical coherence" method

for measuring the alignment between physical and social activities, investigating its

association with obesity and depression.

Methods: The research encompassed 135 participants (average age: 43.8±12.3 years;

65.2% female), including individuals with a history of major depression, those with

obesity,  and health-care professionals participating in a workplace health program.

Body Mass Index (BMI) and the Patient Health Questionnaire-9 (PHQ-9) scale were

employed to determine obesity and depression levels, respectively. Activity data were

collected  over  a  minimum of  four  weeks  using  wrist  actigraphy  devices  and  the

Rhythm app, yielding 3,973 person-days of data. The  Rhythm app tracked human-

smartphone interactions and computed rest-activity rhythm (RAR) patterns, including

interdaily  stability  (IS),  from both  standard  actigraphy and app-derived data,  thus

offering two distinct RAR measurements. Social-physical coherence was assessed by

combining physical  activity data  from actigraphy with social  activity  data derived

from human-smartphone interactions.

Results:  Findings  demonstrated  a  significant  positive  correlation  between  social-

physical coherence and IS, particularly significant in app-derived IS (ISapp)  over a

period of 1-6 weeks.  Analysis  of the relationship with BMI revealed a  significant

negative correlation for both social-physical coherence and ISapp within the first 2-4

weeks,  whereas  no notable correlation was found with actigraphy-based IS (ISact).

Regarding depressive symptom scores, a borderline-significant negative correlation

was  observed  with  ISact when  examining  data  from the  first  1,  3,  4,  or  5  weeks

(P=.054  to  .062).  No  significant  correlation  was  found  between  social-physical

coherence or ISapp and PHQ-9 scores across all timeframes studied.

Conclusions:  This  study  leveraging  digital  phenotyping  through  actigraphy  and

human-smartphone  interactions,  reveals  an  inverse  relationship  between  social-

physical coherence and obesity, and a more complex association with depression.

Keywords: phase coherence,  social  jetlag,  circadian rhythm,  rest-activity rhythms,

human-smartphone interaction, actigraphy
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Introduction

Circadian rhythms are near-24-hour oscillations that regulate various physiological

processes in the human brain and body. These rhythms are found in essentially every

aspect of our physiology, and disruptions in circadian rhythms, known as circadian

dysregulation, have been linked to an increased risk of various diseases, including

mood  disorders  and  metabolic  diseases  [1].  One  key  factor  influencing  circadian

dysregulation is the misalignment between our social clock and our biological clock.

The  greater  the  misalignment  between  these  clocks,  the  higher  the  likelihood  of

developing  certain  diseases  [2].  This  misalignment  has  been  quantified  using  the

concept  of  "social  jetlag,"  which  measures  the  difference  between  our  social  and

biological  clocks  [2].   However,  to  comprehensively  understand  the  impact  of

circadian  misalignment  on  health  outcomes,  it  is  crucial  to  develop  methods  that

directly measure the alignment between physical activity and psycho-social activity.

Rest-activity  rhythms  (RARs)  have  emerged  as  crucial  indicators  of  circadian

disruptions  and  can  be  measured  using  actigraphy  in  real-world  settings.  Unlike

traditional  measurements  that  focus  solely  on  sleep  or  physical  activity,  RAR

measures quantify the regularity and timing of 24-hour sleep-wake cycles. Actigraphy,

the standard tool for assessing RAR, primarily relies on physical activity measured by

wrist-worn  accelerometers  [3].  However,  recent  research  has  explored  the  use  of

digital  footprints,  specifically  human-smartphone  interactions,  as  a  potential  new

method for observing human circadian rhythms. Smartphone usage captures a wider

range  of  social  and mental  activities,  which  are  integral  components  of  circadian

rhythms and provide richer insights compared to actigraphy alone. While previous

studies [4, 5] have compared sleep-wake estimations derived from human-smartphone

interaction patterns with those derived from standard actigraphy, there is a lack of

research utilizing human-smartphone interaction patterns to delineate well-established

RAR  indicators,  such  as  interdaily  stability,  relative  amplitude,  and  intradaily

variability,  which  have  been  extensively  studied  using  actigraphy-based  analyses.

Moreover,  the existing research has predominantly focused on healthy participants

and has not validated their algorithms in patients with sleep disturbances or disrupted

circadian  rhythms  in  clinical  settings.  This  limited  clinical  evidence  restricts  the
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application of circadian knowledge in diagnostic and therapeutic opportunities.  By

combining actigraphy and human-smartphone interaction patterns in measuring RAR,

we  can  obtain  a  more  comprehensive  understanding  of  the  alignment  between

physical activity and psycho-social activity, addressing the gaps in current research.

The aim of this study was to develop a method for directly measuring the alignment

and interaction between physical activity andsocial activity. Actigraphy was used to

quantify physical activity, while human-smartphone interaction patterns were used to

quantify  psycho-social  activity.  By  quantifying  the  phase  coherence  of  these  two

activities, we examined the associations between this "social-physical coherence" and

clinical indicators such as obesity and depression. Additionally, we investigated the

correlation  between  the  alignment  measure  and  traditional  RAR indices,  such  as

interdaily stability. Furthermore, we determined the optimal measurement period for

these indices and explored their associations with clinical indicators.

Methods

Study population

A total  of  135  participants  were  recruited  for  the  study  from  various  sources,

including  three  psychiatric  outpatient  clinics  (n=57),  an  obesity  outpatient  clinic

(n=25),  and a  workplace health  promotion program at  seven hospitals  in  northern

Taiwan (n=53). The participants had a mean age of 43.8±12.3 years, and 65.2% of

them were women. The study was conducted between September 2021 and February

2023.  This  diverse  sample  allowed  us  to  examine  the  associations  between  RAR

profiles and major depression, obesity, and their comorbid conditions. Upon giving

informed consent, all participants were asked to install the Rhythm app and wear a

wrist actigraphy device for a minimum of four weeks, resulting in a total of 3,973

person-days of data collection. Only participants with Android operating smartphones

were eligible to participate, with the condition that their phones were to be exclusively

used  by  them during  the  study  period.  Participants  were  instructed  to  wear  their

actigraphy device continuously. The study was approved by the Institutional Review

Boards of the National Taiwan University Hospital (IRB No. 202004005RIND), Tri-

Service  General  Hospital  (IRB  No.  B202205050),  and  Chang-Gung  Memorial

Hospital  (IRB  No.  202002452A3  and  202100434B0A3)  and  was  conducted  in
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accordance with the ethical principles outlined in the Declaration of Helsinki.

Actigraphy, physical activity and sleep indicators  

The participants were instructed to wear a research-grade wrist actigraphy device on

their  non-dominant  wrist.  The  actigraphy  device  gathered  acceleration  data  along

three axes and calculated the Euclidean distance of the deviations from zero. The data

were  then  bandpass  filtered  from 0.5-3  Hz,  and  zero  values  above  a  pre-defined

threshold were integrated within 2 seconds. Activity counts were derived by averaging

the integrated segments over one minute [3, 6]. The algorithm was run on MATLAB

software (MathWorks, Natick, USA) using pre-existing codes.

Human-smartphone interaction patterns 

The app, Rhythm, was designed to collect data on smartphone usage by tracking three

key variables: screen on/off events, notifications, and the app being used [5, 7]. The

data  were  collected  in  the  background  without  interfering  with  the  smartphone

operation or affecting battery life (less than 1%). To represent patterns in app usage,

the number of apps used per minute was aggregated into 5-minute epochs that did not

overlap (288 epochs per day) to eliminate excessive zero count segments. This data

was then used to mimic the activity data obtained from the wrist actigraphy device

and estimate the near-24-hour cycle of the circadian rhythm (Figure 1).

Rest-activity rhythm measures

We used the non-parametric method to calculate circadian rhythm indicators based on

the varying time-windows from one-week to six-week dataset of app-counts or acti-

counts  (Figure  2).  The non-parametric  method was used  to  calculate  three  of  the

circadian rhythm indicators:  interdaily stability (IS), intradaily variability (IV) and

relative amplitude (RA) [8].

IS  quantified  the  stability  of  the  rhythms between days  representing  the  coupling

strength of the rhythms to the supposedly stable environmental factors. It could vary

between 0 and 1, with higher values indicating more stable daily rhythms. 
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IV indicated the fragmentation of the rhythms representing the frequency and extent

of transitions between rest and activity. It could vary roughly between 0 and 2, with

higher values indicating higher fragmentation.

RA, the ratio of the differences between the most active 10 continuous hours (M10)

and the least active 5 continuous hours (L5) over the summation of M10 and L5, was

calculated as a measure of the amplitude of rest-activity rhythms while considering

the daily variations and unbalanced amplitudes of peak and trough in daily activity or

app-usage rhythms.

IS, IV and RA were calculated for a minimum period of one week [8]. 

Clinical outcomes

1.  Weight  status:  All  participants  had  their  weight  (in  kilograms)  and height  (in

centimeters) measured without shoes following standard protocols. The body mass

index (BMI) was calculated by dividing the body weight (in kilograms) by the square

of the body height (in meters), resulting in units of kg/m2. The BMI categories used

were:  overweight,  defined  as  a  BMI  between  24.0  and  26.9  kg/m²;  and  obesity,

defined as a BMI equal to or greater than 27.0 kg/m² [9].

2.  Depressive  symptoms:  The  Patient  Health  Questionnaire  (PHQ-9)  is  a  widely

used, self-administered instrument for detecting depressive symptoms. For each of the

nine depressive symptom criteria, subjects indicate the extent to which the symptoms

bother them using options like “not at all,” “several days,” “more than half the days,”

or “nearly every day.” Each criterion yields a score between 0 and 3 so the PHQ-9’s

total score ranges from 0 to 27. A PHQ-9 score of 10 or greater has a sensitivity of

93% and a specificity of 88% for the diagnosis of major depressive disorder[10]. The

diagnostic  validity  of  the  Chinese  version  of  PHQ-9  is  comparable  to  clinician-

administered assessments [11]. 
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Statistical Analysis

Coherence  is  a  measure  that  describes  the  degree  of  relationship  or  association

between  two  biological  signals  that  may  potentially  interact  with  each  other.

Examples include the relationship between blood pressure and heart rate signals [12]

or heart rate and respiration signals [13], which exhibit linear statistical dependence at

specific  frequency  components.  In  this  study,  we  utilized  the  magnitude-squared

coherence  (MSC)  [14] to  quantify  the  linear  relationship  between  the  temporal

changes  in  the  amplitudes  of  physical  activity  (PA)  and  social  activity  (SA),  as

measured  by human-smartphone interaction  patterns.  The MSC considers  whether

there is a constant phase alignment between the two signals.

To extract the interactions of the circadian rhythms between PA and SA, we calculated

the  MSC within  a  frequency  band  ranging  from 16  hours  to  28  hours  using  the

following formula:

MSC ( f )=
|SPA−SA( f )|

SPA ( f )∗SSA( f )

Here,  where  SPA ( f )  and  SSA( f )  represent  the  autospectrum of  changes  in  physical

activity and smartphone usage, respectively. |SPA−SA( f )|  denotes the amplitude of the

cross-spectrum between the two signals. The MSC value ranges from 0 to 1, where 0

indicates no coherence or correlation between the signals, and 1 represents perfect

coherence or correlation at specific frequency components.

Pearson's  correlation  coefficients  were  calculated  to  examine  the  relationships

between  social-physical  coherence  and  the  rest-activity  rhythm (RAR)  indicators,

namely  interdaily  stability  (IS),  intradaily  variability  (IV),  and  relative  amplitude

(RA). These indicators were measured using both actigraphy (ISact, IVact, RAact) and

human-smartphone  interaction  patterns  (ISapp,  IVapp,  RAapp).  The  correlation

coefficients  were calculated for  different  duration,  ranging from 1 to  6 weeks,  to

assess the strength and direction of these associations.

To investigate the associations between social-physical coherence, BMI, and PHQ-9

depressive symptom scores, multiple linear regression models were employed. The
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models were adjusted for potential  confounding factors, including age and gender.

The analysis  focused on the associations between social-physical coherence,  BMI,

and the RAR indicators (ISapp and ISact). Correlation coefficients were calculated for

each  duration  to  evaluate  the  strength  and  direction  of  these  associations.

Furthermore, additional analyses were conducted to explore the impact of depressive

symptom  scores  on  the  relationships  between  social-physical  coherence,  RAR

indicators, and BMI. Multiple linear regression models were used, controlling for age,

gender, and PHQ-9 depressive symptom scores.

Statistical significance was determined using a significance level of α = 0.05. All data

arrangement and statistical analyses were performed using IBM SPSS Statistics 25.

Results 

Among the 135 participants in this study, 53.3% (72/135) met the criteria for being

overweight, defined as having a BMI greater than 24. Additionally, 40.7% (55/135) of

participants met the criteria for obesity,  defined as having a BMI greater than 27.

Furthermore, 19.7% (26/132) of participants had major depression, as indicated by a

PHQ-9 score of 10 or higher. When examining the overlap between BMI and major

depression,  only  6%  (8/132)  of  participants  with  a  BMI  over  24,  indicating

overweight, also had major depression. Similarly, only 4.5% (6/132) of participants

with obesity (BMI > 27) also had major depression.

Figure  2  presents  the  Pearson's  correlation  coefficients  between  social-physical

coherence and the RAR indicators measured by actigraphy and human-smartphone

interactions across different time scales. The correlation analysis revealed that social-

physical coherence exhibited the highest significant positive correlation with ISapp in

the 1-6 week time scale, with significant positive correlation coefficients exceeding

0.5. The next highest correlation was observed with ISact. On the other hand, social-

physical  coherence  showed a  significant  negative  correlation  with  IVapp,  while  no

significant correlations were found with the other RAR indicators.

Considering the highest correlation of social-physical coherence with ISapp and ISact

among all RAR indicators, they were compared in terms of their associations with

BMI  and  PHQ-9  depressive  symptom  scores  at  the  same  time  scale.  Figure  3
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illustrates a significant negative correlation between social-physical coherence, ISapp,

and BMI when considering the first 2, 3, or 4 weeks. This indicates that a higher

alignment of social-physical activities or high cross-daily stability of social activities

(measured by human-smartphone interaction patterns) was associated with a lower

degree  of  obesity.  Even  when  considering  only  one  week  of  data,  a  significant

negative correlation between ISapp and BMI persists, while the association with social-

physical coherence is  only borderline and did not reach statistical  significance.  In

contrast, the association between ISact and BMI did not show a significant correlation

at any time scale ranging from one week to six weeks.

If we additionally controlled for depressive symptoms (PHQ-9) scores, along with age

and  gender,  in  the  aforementioned  correlation  analysis,  the  findings  remained

consistent (Figure 4). There was still a significant negative correlation between social-

physical coherence, ISapp,  and BMI when considering the first 2, 3, or 4 weeks of

cumulative data. However, when using only one week of data, ISact and ISapp showed a

significant negative correlation with BMI. In contrast, the association between social-

physical coherence calculated at the same one-week data time scale remained only

borderline and did not reach statistical significance.

Figure  5  presents  the  association  between  the  three  indicators  and  depressive

symptom scores. When considering ISact calculated from the first 1, 3, 4, or 5 weeks of

data, a statistically borderline-significant negative correlation with PHQ-9 scores was

observed (P=.054 to .062). Regarding social-physical coherence or ISapp, there was no

statistically significant correlation with PHQ-9 scores across all time scales examined.

Discussion

The key findings of our study revolve around the development of an indicator called

"social-physical  coherence,"  which  directly  measured  the  alignment  between  the

biological clock, represented by physical activity, and the social clock, represented by

social  activity  measured  through  human-smartphone  interactions.  We  observed  a

significant correlation between this coherence indicator and adiposity, highlighting its

relevance  in  understanding  the  relationship  between  the  alignment  of  social  and

physical activities and weight status. In comparison to the concept of "social jetlag,"

which quantifies the discrepancy in mid-sleep times between work days and work-

9
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free days, our coherence indicator offers a more direct measurement of the coupling

between social activity and physical activity, without relying on assumptions about

differences  between work days and work-free days.  Coherence,  in a  mathematical

sense,  represents the consistency of phase and amplitude  between two time series

when compared simultaneously. This concept has been previously applied in diverse

domains,  such  as  central/peripheral  circadian  rhythm  coupling  [15,  16],  cardio-

respiratory dynamics [13], and blood pressure and heart rate signals [12]. Within the

context  of  our  study,  coherence  serves  as  a  direct  measure  of  the  alignment  and

interaction between social activity and physical activity, capturing the extent to which

these two domains synchronize.

Our study revealed significant positive correlations between social-physical coherence

and interdaily stability  (both ISact and ISapp), with the strongest association observed

with ISapp. This finding suggests that individuals with greater stability in their rest-

activity  rhythms  also  exhibit  higher  alignment  between  their  social  and  physical

activities. These results align with previous research emphasizing the importance of

maintaining a regular pattern of daily activities, especially social activities, for overall

health [17-22].  In  contrast  to  the  correlation  patterns  observed  between  social-

physical coherence and interdaily stability across the time window from 1 to 6 weeks,

our  study  revealed  a  significant  negative  correlation  between  social-physical

coherence, ISapp, and BMI specifically within the first 2, 3, or 4 weeks. This specific

time  window  provided  insights  into  the  association  between  disrupted  circadian

rhythmicity  and  adiposity.  Previous  studies  investigating  the  impact  of  circadian

rhythm  disruption  on  obesity  were  often  limited  by  utilizing  actigraphy  with  a

measurement  period  of  only  7  days  [23-27],  which  might  not  capture  the  full

variability  of  circadian  rhythms.  In  contrast,  our  findings  suggest  that  an  optimal

measurement  period  of  2  to  4  weeks  is  needed  to  more  accurately  capture  the

association  between  disrupted  circadian  rhythmicity  and  adiposity,  particularly  in

individuals  with  obesity  who  often  exhibit  disrupted  rhythms.  Furthermore,  our

research underscores the significance of tracking the 7-day cycle over a longer period

of time for a comprehensive and stable measurement of the social rhythm. 

Our findings contribute to the existing body of research by demonstrating a significant

negative  correlation  between  social-physical  coherence,  ISapp,  and  BMI.  This
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correlation  aligns  with previous  studies  highlighting  the  importance  of  cross-daily

stability in circadian rhythms for maintaining a healthy weight [28-36]. Additionally,

our  results  provide more specific  evidence  by indicating  that  a  higher  cross-daily

stability of social activities, as captured by human-smartphone interaction patterns,

and the alignment of social-physical activities are associated with a lower degree of

obesity.  Interestingly,  we  did  not  observe  a  significant  correlation  between

actigraphy-measured  interdaily  stability  (ISact)  and BMI.  This  discrepancy may be

attributed  to  the  app's  ability  to  capture  additional  factors  such  as  finer  finger

movements  [4] and  exposure  to  smartphone light,  which  can  influence  melatonin

secretion  [37].  The  inclusion  of  these  additional  factors  in  our  comprehensive

assessment of circadian rhythms, provided by the app, highlights the advantages of

utilizing  smartphone-based  measurements  over  standard  actigraphy,  which  solely

focuses  on  recording  physical  activities.  By combining  measurements  of  physical

activity  and human-smartphone interactions,  our  approach offers  a  comprehensive

assessment of social-physical coherence, capturing the interaction and alignment of

social  and physical  activities.  This  integrated  evaluation  provides  a  more  holistic

understanding of the relationship between mind-body alignment and health outcomes,

particularly  in  the  context  of  obesity.  Our  findings  contribute  to  the  growing

recognition of the importance of considering both social and physical aspects when

examining the impact of circadian rhythms on health.

Although this study did not find a statistically significant correlation between social-

physical coherence and ISapp or social-physical coherence and PHQ-9 scores across all

time  scales  examined,  a  statistically  borderline-significant  negative  correlation

(P=.054 to .062) between ISact and depressive symptom scores was observed when

considering ISact calculated from the first 1, 3, 4, or 5 weeks of data. This finding is

consistent  with  some  previous  research  that  has  reported  a  negative  correlation

between depressive symptoms and interdaily stability s  [23, 38-43]. However, it is

important to note that the current sample size was relatively small, and the inclusion

criteria for obesity and depression differed in this study. Participants with obesity or

overweight were enrolled before treatment, while participants with depression were

enrolled during a stable treatment period. Despite these limitations, the study provides

valuable  evidence by considering both obese individuals  and those with comorbid
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depression,  which  is  clinically  significant.  Furthermore,  when  controlling  for

depressive symptoms (PHQ-9) scores, age, and gender in the correlation analysis, a

significant  negative  correlation  between  social-physical  coherence,  ISapp,  and  BMI

persisted  when considering  the first  2,  3,  or  4  weeks of  data.  This  highlights  the

robustness of the findings  and strengthens  the evidence supporting the association

between social-physical coherence, rest-activity rhythms, and obesity.

In interpreting the results, it is important to acknowledge several limitations of our

study. Firstly, the cross-sectional design and convenience sample used may limit our

ability to establish causal relationships between social-physical coherence and obesity.

Future  longitudinal  studies  are  warranted to  gain  a  deeper  understanding of  these

associations  and  to  identify  potential  underlying  mechanisms.  Secondly,  the

interpretation and validity of the derived RAR profiles, which categorize activities as

"mental activities" or "social activities," require further exploration and validation. It

is crucial to develop a comprehensive understanding of the meaning and reliability of

these  profiles  to  ensure  accurate  measurement  of  circadian  rhythms.  Thirdly,  the

Rhythm  app  used  in  our  study  was  limited  to  the  Android  operating  system.

Developing  versions  of  the  app  for  other  operating  systems,  such  as  iOS  and

Windows, would enhance the generalizability of our findings and allow for broader

applicability across different smartphone users.

In conclusion, our study contributes to the understanding of social-physical coherence

and  its  relevance  in  rest-activity  rhythms  and  obesity.  The  positive  correlation

between social-physical coherence and interdaily stability indicates the importance of

aligning social and physical activities for stable rest-activity rhythms. Furthermore,

the negative correlation between social-physical coherence, ISapp, and BMI within the

first 2 to 4 weeks highlights the association between disrupted circadian rhythmicity

and adiposity. These findings emphasize the need for longer measurement periods and

consideration of both social and physical aspects when assessing circadian rhythms

and their impact on health outcomes, particularly in individuals with obesity. Future

research should explore underlying mechanisms and address the limitations identified

to advance our understanding of the relationship between social-physical coherence,

rest-activity rhythms, and overall health.
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Figure  1.  Illustration  of  physical  activities,  social  activities,  and  the  social-

physical coherence.  The top blue data represents the raw data of physical activities

recorded by wrist-worn actigraphy. The red data below represents the frequency of

app switches, obtained from the Rhythm app's human-smartphone interaction records,

serving as a proxy for social activity. These data were used to simulate activity levels

comparable  to  wrist  actigraphy  measurements  over  a  28-day  period.  Interdaily

stability  (IS)  can  be  calculated  for  both  physical  activity  and social  activity. The

bottom section demonstrates an example of calculating the social-physical coherence

by  filtering  the  data  for  cycles  between  16  to  28  hours.  This  process  retains

approximately 24-hour cycles of physical activity (shown in blue) and social activity

(shown in red). 

(A) Participant with high social-physical coherence (0.907), high interdaily stability

measured by actigraphy (ISact=0.710) and high interdaily stability measured by the

Rhythm app (ISapp=0.475), with a Body Mass Index (BMI) of 21.6 falling within the

normal range.

(B) Participant with low social-physical coherence (0.525), high interdaily stability

measured by actigraphy (ISact=0.187) and high interdaily stability measured by the

Rhythm app (ISapp=0.373) with a BMI of 30.5 indicating obesity.
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Figure  2.  Pearson's  correlation  coefficients  between  social-physical  coherence

and rest-activity rhythm (RAR) indicators measured in different time windows.

RAR  indicators,  include  interdaily  stability  (IS),  intradaily  variability  (IV),  and

relative amplitude (RA), measured using both actigraphy (ISact, IVact, RAact) and the

Rhythm app (ISapp, IVapp, RAapp). * P < 0.05, ** P < 0.01, *** P < 0.001 
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Figure 3. Coefficients of social-physical coherence, interdaily stability, and Body

Mass Index (BMI) measured in different time windows. The outcome variable in

the models was BMI, with age and gender included as control variables. Interdaily

stability indicators were measured using actigraphy (ISact) and the Rhythm app (ISapp).
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Figure  4.  Coefficients  of  social-physical  coherence,  interdaily  stability,  and

depressive symptoms measured in different time windows. The outcome variable

in  the models  was depressive  symptom scores  (The Patient  Health  Questionnaire,

PHQ-9),  with  age  and  gender  included  as  control  variables.  Interdaily  stability

indicators were measured using actigraphy (ISact) and the Rhythm app (ISapp).
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Figure 5. Coefficients of social-physical coherence, interdaily stability, and Body

Mass Index (BMI) measured in different time windows. The outcome variable in

the models was BMI, with age, gender and depressive symptom scores (the Patient

Health  Questionnaire,  PHQ-9)  included  as  control  variables.  Interdaily  stability

indicators were measured using actigraphy (ISact) and the Rhythm app (ISapp).
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Illustration of physical activities, social activities, and the social-physical coherence. The top blue data represents the raw data
of physical activities recorded by wrist-worn actigraphy. The red data below represents the frequency of app switches, obtained
from the Rhythm app's human-smartphone interaction records, serving as a proxy for social activity. These data were used to
simulate activity levels comparable to wrist actigraphy measurements over a 28-day period. Interdaily stability (IS) can be
calculated for both physical activity and social activity. The bottom section demonstrates an example of calculating the social-
physical coherence by filtering the data for cycles between 16 to 28 hours. This process retains approximately 24-hour cycles of
physical activity (shown in blue) and social activity (shown in red).
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Pearson's correlation coefficients between social-physical coherence and rest-activity rhythm (RAR) indicators measured in
different time windows. RAR indicators, include interdaily stability (IS), intradaily variability (IV), and relative amplitude
(RA), measured using both actigraphy (ISact, IVact, RAact) and the Rhythm app (ISapp, IVapp, RAapp). * P < 0.05, ** P <
0.01, *** P < 0.001.
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Coefficients of social-physical coherence, interdaily stability, and Body Mass Index (BMI) measured in different time
windows. The outcome variable in the models was BMI, with age and gender included as control variables. Interdaily stability
indicators were measured using actigraphy (ISact) and the Rhythm app (ISapp).
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Coefficients of social-physical coherence, interdaily stability, and depressive symptoms measured in different time windows.
The outcome variable in the models was depressive symptom scores (The Patient Health Questionnaire, PHQ-9), with age and
gender included as control variables. Interdaily stability indicators were measured using actigraphy (ISact) and the Rhythm app
(ISapp).
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Coefficients of social-physical coherence, interdaily stability, and Body Mass Index (BMI) measured in different time
windows. The outcome variable in the models was BMI, with age, gender and depressive symptom scores (the Patient Health
Questionnaire, PHQ-9) included as control variables. Interdaily stability indicators were measured using actigraphy (ISact) and
the Rhythm app (ISapp).
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