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Johanna E. Hidalgo5, Julia N. Kim6,7, Jordan Llorin6,7, Juniper Lovato1,8, Ellen W. McGinnis9,
Ryan S. McGinnis9, Taylor H. Ricketts4,10, Kathryn Stanton6,7, Peter Sheridan Dodds1,3,8,11 &
Christopher M. Danforth1,2,3

To optimize interventions for improving wellness, it is essential to understand habits that wearable
devices canmeasurewith greater precision. Using high temporal resolution biometric data taken from
theOuraGen3 ring,weexaminedaily andweekly sleepandactivity patternsof a cohort of youngadults
(N = 582) in their first semester of college. A high compliance rate is observed for both daily and nightly
wear, with slight dips in wear compliance observed shortly after waking up and also in the evening.
Most students have a late-night chronotypewith amedianmidpoint of sleep at 5 AM;males and those
reportingmental health impairment show evenmore delayed sleep periods. Social jetlag—differences
in sleep timing between school days and free days—is prevalent in our sample. While sleep periods
generally shift earlier on weekdays and later on weekends, sleep durations during school days and
weekends are shorter than during prolonged school breaks, suggesting chronic sleep debt during the
academic term. Synchronized spikes in activity aligning with class schedules are also observed,
suggesting that walking between classes is a common and substantial contributor to overall activity
levels among the students. Lower active calorie expenditure is associated with weekends and a
delayed but longer sleep period the night before, suggesting that in this cohort, active calorie
expenditure is affected less by deviations from natural circadian rhythms and more by the timing
associated with activities. Our findings demonstrate how externally imposed constraints in the
academic environment give rise to coordinated patterns in sleep and activity. These dynamics
highlight how institutional structures, such as class schedules and campus infrastructure, may be
leveraged to influence student well-being.

Deleterious effects on wellness can be due not just to individual choices but
also to social contexts such aswork1–5 and academic schedules6,7. To develop
interventions that will work with or seek to revise such contexts, we need to
understand how they relate to the habits they influence. These
behaviors have been studied for many populations8–14, including
college students15–18, using surveys which are susceptible to recall
error19 and social desirability bias20.

The use of digital data to examine these behaviors addresses limitations
associated with self-reports21. Data on mobile phone activity22–24, mobile
device location25–27, social media usage28,29, and wearable sensors30–33 can
reflect daily routines associated with biological factors, such as circadian
rhythms, and social factors, such as work hours. The growing availability of
wearable devices opens an avenue to relate these routines to physiological
measures. Perhaps due to the potential of personalized healthcare that
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wearable devices may offer, most studies on wearable devices focus on the
individual. In contrast, there is much less research on howwearable devices
can indicate group behavior resulting from a shared context34–36. Fine
temporal resolution sleep and activity data measured by wearable devices
have been underutilized in studying behavior37, offering opportunities for
novel, nuanced observations using these methods.

Adolescents who are transitioning to college are a vulnerable popula-
tion characterized by a developing executive functioning system38 paired
with new and plentiful opportunities to make decisions without caregiver
input. This period of transition is marked by high rates of mental health
impairment associatedwith substancemisuse,morbidity, andmortality39–42.
As students adapt to the novel social contexts of the college environment,
they can form new habits43 that can improve or degrade their well-being44.
To understand the wellness behaviors and habits of and ultimately develop
engaging interventions for this age group, the Lived Experiences Measured
Using Rings Study (LEMURS)45–47 observed behaviors among first-year
college students using data from both surveys and the Oura Gen3 ring, a
wearable device that monitors sleep and physical activity. All participants
were recruited from the same class year at a single university over an 8-week
study period, creating a controlled, comparable shared context that shaped
daily routines. As a result, our dataset is particularly well-suited to examine
how collective constraints can be inferred through individual behavior
observed with wearable devices.

We address gaps in the literature by using fine temporal resolution data
from the Oura ring to reconstruct daily sleep and activity patterns for both
freedays and school days (weekdays vs.weekends, school in session vs. school
breaks).Wealso look at if andhowschool disrupts natural sleephabits,which
reflect an individual’s chronotype48, that are observed when school is not in
session. This disruption is termed social jetlag49,50, so-called because it is
similar to thechange in sleeppatterns aftermoving timezones, except that it is
due to social conventions rather than travel51. The activity data from theOura
ring is used to infer collective routines and also provides the active calorie
expenditure. We then compare how these routines differ across groups of
students. Specifically, we look at gender and reported impairment due to
anxiety or depression, with these two conditions being of interest due to their
prevalence in our sample. All findings are interpreted in the context of the
academic schedule, and their implications are considered in terms of insti-
tutional factors such as class timing and campus infrastructure.

Results
We analyzed behavioral data from 582 first-year college students partici-
pating in an 8-week study at a northeastern U.S. university. Participants

wore the Oura Gen3 ring to passively track sleep and physical activity, and
completed surveys assessing demographics and mental health. We focused
on threemain outcomes: ringwear compliance,weekly patterns in sleepand
activity, and the relationship between social jetlag and activity. Full meth-
odological details are provided in the Methods section.

Sleep data included the start and end times of the longest nightly sleep
period. Activity was represented as a time series of metabolic equivalent of
task (MET)-based activity levels, recorded at 5-minute intervals from 4AM
to 4AM the following day. Ringwear compliancewas inferred from activity
data, and sleep timing was analyzed alongside activity patterns. We applied
statistical parametric mapping (SPM)52 to identify significant differences in
daily activity patterns across gender and mental health status.

Social jetlag50 is definedas thedifferencebetween themidpoints of sleep
on free days (MSF) and school or work days (MSW). To estimate MSF, we
used sleepdata from theThanksgivingholidayweekwhennoclasseswere in
session. We used linear fixed- and mixed-effects models to examine asso-
ciations between social jetlag, gender, mental health impairment, day of the
week, bedtime duration, and active calorie expenditure.

Ring wear compliance
Weobserve high rates of compliance for both sleep and activity data, with at
least 70% of the participants wearing the ring during both daytime and
nighttime except for the first and last few days (Fig. 1). There is a sharp
increase in ringwear within the first twoweeks as participants begin towear
or get used to wearing the ring, while declines are observed during
Thanksgiving break and the final exam period. We note that depending on
their schedule, students may end their semester before the last day of the
final exam period. Outside of sleep, participants also consistently
wear their rings most of the time, with the median percentage of days
in the study period with at least 12 hours of non-rest wear time being
77%. High compliance is observed for both weekdays and weekends.
Similar patterns are observed for different genders and for those
with or without impairment due to anxiety or depression (Figs.
S1 and S2).

Using the activity time series taken every 5 minutes, we can construct
the wear pattern of users within a day, particularly how often a user wears
the ring at a given time. Non-wearmay be attributed to charging the ring or
performing activities that users prefer to dowithout wearing the ring.While
wear compliance is generally high over the course of a day, dips in wear
consistency are observed in the morning and evening. In contrast to the
consistent non-wear period in the evening, the non-wear period in the
morning is markedly different for school days and non-school days (Figs.
2 and S3). While the evening non-wear period is similar for weekdays and
weekends, the morning non-wear period is shifted later in the day during
weekends as compared to weekdays.

Patterns in sleep and physical activity
Figure 3 shows the bedtimes and get-up times for all users and all days,
excluding Thanksgiving week. More users share specific get-up times than
bedtimes. The most popular get-up times are 1 minute away from the
quarter marks on a clock, i.e., :01, :16, :31, :46, suggesting the use of alarm
clocks. In contrast, shared bedtimes are less common.

Figure 4 shows the distributions of the bedtimes and get-up times and
themean activity level across all users for eachday of theweek.When school
is in session (Fig. 4A), the activity time series during weekdays is char-
acterized by spikes. Further, these spikes coincide with Mondays, Wed-
nesdays, and Fridays, as well as Tuesdays and Thursdays. This is consistent
with class scheduling in the universitywhere the participants are based, with
classes scheduled either Mon-Wed-Fri for 50 minutes or Tues-Thurs for
75minutes. In contrast, these spikes are absent during the weekends as well
as during Thanksgiving break (Fig. 4B). Both bedtimes and get-up times are
later during the weekends compared to weekdays, suggesting widespread
social jetlag among the participants, which is consistent with previous
findings on college students16. Consequently, activity levels both increase
and wind down later in the day during the weekends.

Fig. 1 | Ring wear compliance of users over the study period.We observe at least
70% of the participants with sleep and physical activity data for most of the study
period. Declines in participation are observed during the Thanksgiving break and
the final exam period, indicated in the figure by vertical lines.
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While these general trends persist when we subset the population by
gender ormental health indicators, we observe differences in specific details.
Males go to bed and get up later in the day but have a lower sleep efficiency,
defined by the percentage of time in bed spent asleep (Table S2). This is
supported by differences in the activity time series acrossmales and females:
SPM reveals differences in activity levels are most prominent during bed-
time. Despite this difference in bedtime habits, the spikes in activity during
the daytime on weekdays coincide for males and females (Fig. 5). Impair-
ment, while also associated with delayed sleep periods (Table S2), is not
associated with differences in activity patterns, even if we consider it only
among a subset of a specific gender (Figs. S4–S6).

Social jetlag and activity
Our sample is composed mainly of late-night chronotypes with a median
MSF (from Thanksgiving week) of 5 AM (Fig. 6A). Being male (p < 0.001)
and reporting impairment due to anxiety or depression (p = 0.014) are both
associated with later chronotypes (Table 1). Late-night chronotypes are
characterized by both going to bed and getting up from bed later in the day

(Fig. 6B). The relationship between MSF and the mean sleep duration
duringThanksgivingweek is not statistically significant (Table 2), consistent
with previous studies53. The mean difference of the sleep period midpoint
from theMSFoutside ofThanksgivingweek is positive (i.e., earliermidpoint
of sleep) during weekdays and negative (i.e., latermidpoint of sleep) during
weekends (Fig. 7A). Compared to Thanksgivingweek, bedtime starts earlier
when the following day is from Monday to Thursday. It starts a little
later when the next day is a Friday, but by more than half an hour
when the following day is a weekend (Fig. 7B and Table 3). As
expected, bedtime ends earlier on weekdays than on weekends (Fig.
7C and Table 3). However, regardless of whether it is a weekday or a
weekend, students sleep longer on Thanksgiving week than they do
during school weeks (Fig. 7D and Table 3).

Social jetlag is also more severe for late-night chronotypes (Fig. S7),
becomingmore positivewith increasingMSF,which is consistentwithwhat
is found in the literature50. Gender and impairment due to anxiety or
depression are not statistically significant predictors of social jetlag. This
result holds whether the day of the week (as weekday vs. weekend or as a
categorical variable with 7 levels) is considered a fixed or a random effect
(Table 4).

Social jetlag also affects activity, with positive social jetlag being asso-
ciated with more active calories the following day, even after controlling for
the day of the week (weekday vs. weekend). Being male is also associated
with higher active calories, while weekends, longer bedtimes the night prior

Fig. 2 | Ring wear compliance over the course of a day. For each user, we take the
percentage of weekdays and weekends (excluding the week of Thanksgiving break)
that they wear the ring at a given time. The solid curves show the average wear
compliance of the time series across all users, and the shaded areas indicate the 95%
confidence interval.

Fig. 3 | Bedtimes and get-up times. These circular heat maps show the frequencies
of recorded start and end times of sleep periods at a 1-minute resolution. Each sleep
period contains a bedtime and a get-up time, so there are the same total number of
bedtimes as get-up times in this dataset. However, note that there are more shared
get-up times than bedtimes, and that the most shared get-up times occur at the
quarter marks in an hour (e.g., :01, :16, :31, :46). Thanksgiving week is excluded in
the plot.

Fig. 4 | Weekly patterns in sleep and activity. The solid lines give the mean of the
per-user means of the Oura activity level time series, disregarding non-wear periods
for (A) weeks when school is in session and (B) Thanks giving break. The ordinal
activity level categories based onMETs are reported as integers: 1 = rest, 2 = inactive,
3 = low intensity, 4 = medium intensity, 5 = high intensity. The dashed and dash-
dotted lines indicate the distribution of the mean bedtimes and get-up times,
respectively, per user per day of the week.
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and impairment due to anxiety or depression are associated with reduced
active calories (Table 5).

Active calories are also higher when school is in session compared to
Thanksgiving break (Table 5). We also implemented a mixed-effects linear
model separately for when school is in session and for Thanksgiving break.
During Thanksgiving break, impairment and the day of the week are no
longer statistically significant predictors of active calories (Tables S3 andS4).

Discussion
To understand the collective sleep and activity habits of young adults who
have recently started college, we monitored more than 500 first-year stu-
dents in the same university through surveys and wearable devices for a
continuousperiodof 8weeks in a single semester. In contrast toprior studies
that only use the daily sleep and/or activity measures, we utilize fine

temporal resolution data from thewearable device to observe shorter events
within the course of a day.

We observed a high compliance rate for both daytime and nighttime
Oura ring wear, with at least 70% of our sample having sleep and activity
data for a given day. This is consistent with those observed for college
students using different wearable devices30. Participants wore the ring
consistently throughout the day, with dips in wear concentrated once in the
morning and once in the evening. The non-wear period in the morning
shifts later in the day during theweekends, while the non-wear period in the
evening remains at the same time for bothweekdays andweekends. As both
the start and end of the sleep period are delayed during the weekends, the
morning non-wear period appears to be related to the end of the sleep
period, while the evening non-wear period may be related to an evening
activity that does not relate to sleep. The high rate of compliance shows that

Fig. 5 | Comparison of activity time series of males and females. Periods in the
activity time series with differences statistically significant at α = 0.05 according to
statistical parametric mapping (SPM) are shaded. For males and females, these

differences are concentrated around bedtime. Regardless, the daytime weekday
spikes in the activity time series are at the same times for both males and females.
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the Oura ring can be used to monitor the effects of interventions on the
various physiologicalmeasures takenby theOura ring.However, the timing
of non-wear suggests that some activity shortly after waking up and in the
evening may be missed in data collection.

From the sleep data, we found commonality in the get-up times, which
is likely due to alarmclockuse. In contrast, there ismore variety in bedtimes,
indicating less structure in going tobed than getting up frombed.Generally,
participants had a natural late-night chronotype, consistent with prior
studies16, with the median sleep period midpoint time at around 5 AM.
Being male and having a mental health impairment were associated with
later chronotypes. Interestingly, social jetlag, or a deviation from a natural

sleep pattern, is found not just for weekdays but also for weekends when
school is in session, and is not associated with gender or mental health
impairment. School weekdays are characterized by earlier and shorter sleep
periods than during school breaks, consistent with academic demands.
Schoolweekends, on the other hand, have sleepperiods that are later but still
shorter than on school breaks, indicative of social temporal constraints
typical of college environments.

While the weekday-weekend differences in sleep habits is well-
known54, that students sleep for longer during school breaks than school
weekends implies that the sleep debt is not sufficiently recovered while
school is in session. Further study is needed to see if this chronic sleep debt is

Fig. 6 | Chronotype and bedtime. A The chron-
otype is quantitatively represented by themean time
of the midpoint of the sleep period during Thanks-
giving week. The median, around 5 AM, is shown
with a dashed line. B The sleep period midpoint is
affectedmore by the start and end of the sleep period
but not by the duration.

Table 1 | Linear regression model predicting the mean midpoint of sleep during free days using gender and impairment status

Response Fixed Effect Coeff 2.5 CI 97.5 CI p-value

Sleep midpoint, MSF (hrs from 12 AM) Gender - male 0.472 0.244 0.700 <0.001

Gender - non-binary 0.209 −0.215 0.633 0.333

Impairment 0.273 0.056 0.489 0.014

Gender and impairment are used as predictors for the MSF in a linear regression model, with the MSF obtained from the school break (Thanksgiving week).
Boldface numbers indicate p-values less than 0.05.

Table 2 | Sleep period midpoint and bedtime during free days

Response Fixed Effect Coeff 2.5 CI 97.5 CI p-value

Sleep midpoint, MSF (hrs from 12 AM) Sleep period start 0.776 0.746 0.806 <0.001

Sleep midpoint, MSF (hrs from 12 AM) Sleep period end 0.841 0.804 0.878 <0.001

Sleep midpoint, MSF (hrs from 12 AM) Sleep period duration −0.09 −0.192 0.012 0.084

Each row corresponds to a linear regression model relating the mean sleep period midpoint and the mean of a single sleep-related quantity, both taken during the school break (Thanksgiving week). The
sleep period midpoint (or the MSF) is related to the mean start and end of the sleep period but not the sleep period duration. This is graphically demonstrated in Fig. 6B.
Boldface numbers indicate p-values less than 0.05.
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partly responsible formental health struggles found among college students
and whether changing school schedules would be beneficial to student
health and performance18,55–57.

The collective activity time series showed synchronized spikes in
activity coinciding with class schedules, likely corresponding to walking in
between classes. We note the clarity with which we observe these spikes,
indicating a high level of synchronization of activity levels among the par-
ticipants. These spikes are observedat the same times regardless of gender or
mental health impairment status. With weekdays being associated with a
higher active calorie expenditurewhen school is in session, walking between
classes appears to significantly contribute to the daily physical activity of
college students. Prior studies have found that time spent in class is asso-
ciated with decreased physical activity7, but did not consider activity in

between classes. This is relevant in developing interventions to improve
activity-related metrics, particularly for students in smaller campuses.

The observation of the activity spikes during school weekdays is of
particular interest for a number of reasons. First, while the Oura ring is
known for its high accuracy in recording sleep metrics58,59, its performance
for measuring activity is less well established60–62. With our results showing
clear relationships between class schedules and activity, we have demon-
strated that the Oura Gen3 ring activity data can be used to distinguish
sedentary behavior (e.g., sitting while in class) from low- to moderate-
intensity activity (e.g., walking between classes) at the collective level.

Second, our results show how analyzing wearable device data at finer
temporal resolutions reveals patterns absent in daily aggregate measure-
ments. While differences between weekdays and weekends are also seen
from the active calorie count, we are only able to see the spikes in activity
because the Oura ring has a temporal resolution finer than the duration
between classes.

Third, while it may seem obvious that the high degree of synchroni-
zation in activity stems from class schedules, this outcome is not guaranteed
given the heterogeneity in individual timetables. Incorporating campus
layouts and class schedule data in future research would clarify how various
temporal and spatial constraints at the individual level give rise to syn-
chronized activity patterns at the collective level.

Positive social jetlag for a sleep period, which corresponds to earlier
sleepperiods,was associatedwith increased active calories. This is consistent
with prior studies finding less intensity in physical activity with delayed
bedtimes63,64. Extended sleep duration is associated with lower active cal-
ories, which supports previous findings65. We infer that sleeping for longer
reduces the amount of time one can be active, and the participants do not
increase their active calorie expenditure enough to compensate for this.
Weekends were also associated with lower active calories. Taken altogether,
these indicate that active calorie expenditure among college studentsmay be
less affected by deviations from natural circadian rhythms andmore by the

Fig. 7 | Social jetlag for weekdays and weekends.
These are density plots of the differences in the per-
user means of bedtime-related quantities for every
day of the week between free days (Thanksgiving
week) and school days (excluding Thanksgiving
week). The days of the week correspond to the day of
the end of the sleep period, and the dashed line
indicates no difference between free days and school
days. Generally speaking, (A) social jetlag, com-
puted as the difference between the midpoints of
sleep periods of free and work days (SJL = MSF −
MSW), is positive in the weekdays but negative in
the weekends. When school is in session, (B) stu-
dents sleep a little earlier than onThanksgiving week
from Sundays to Wednesday, a little later on
Thursdays, but much later on Fridays and Saturdays
(note that the day of theweek in the plot corresponds
to the day upon waking up). (C) They get up earlier
on weekdays than on Thanksgiving week, but later
on the weekends. (D) However, for both weekdays
andweekends when school is in session, students are
getting less sleep than they do on Thanksgiv-
ing week.

Table 3 | Differences in bedtime-related quantities between
school break and school weeks

mean in school break - mean in other weeks (minutes)

day bedtime ends Bedtime start Bedtime end Duration

Monday 12.27 50.16 37.92

Tuesday 10.42 49.44 37.50

Wednesday 5.81 44.65 37.02

Thursday 9.15 53.59 42.55

Friday −8.52 46.28 54.68

Saturday −41.60 −15.19 25.08

Sunday −39.00 −17.98 19.57

To compute these differences, we first take themean quantity for a given user across all weeks for a
given day of the week. We take the mean of the means across all users and obtain the difference
between the school break (Thanksgiving week) and school weeks.
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timing associated with activities. Higher physical activity may be due to
routines, such as walking in between classes, that are only done in the
daytime, while evening and weekend habits may be associated with more
sedentary activities. School is also associated with more active calories
expended compared to Thanksgiving break. It is notable that impairment
due to anxiety or depression is associated with fewer active calories
expended, but only when school is in session. While the relationship
between activity levels and anxiety and/or depression is supported by the
literature66,67, its interplay with school breaks warrants further study.

We have shown how the high temporal resolution data fromwearable
devices can be used to capture collective sleep and activity patterns. The
relatively homogeneous demographic profile of our sample and the shared
academic context simplify the interpretation of our findings and facilitate
the development of appropriate interventions. For a larger population, this
may not be as straightforward. For example, while school schedules allow us
to better estimate natural sleep habits through school breaks, this will be
more challenging to measure for other stages of life. However, it would be
equally interesting to see if collective behaviors could still emerge and
whether fine temporal resolution data can reveal patterns that would not be
present in coarse-grained data. Similarly, we can also look at how sleep and
activity patterns vary for groups with different shared contexts, such as
athletes or retirees. In addition, because sleep patterns also differ across
various cultures68,69, expanding our sample to include individuals from
multiple countries would also test the generalizability of our results.

Another avenue for future work is to fully utilize the gamut of infor-
mation from wearable devices. In this work, we focused mainly on activity
levels and the timing of sleep periods. However, the Oura ring also provides
other information, such as heart rate, heart rate variability, respiratory rate

and changes in skin temperature, among others. Building on our prior
work46,47, we hope to understand these physiological measures in relation to
routines.

Methods
Under LEMURS, first-year college students recruited from a university in
the northeastern United States were asked to wear the Oura Gen3 ring at all
times except when charging or doing activities during which it was
uncomfortable to wear (e.g., lifting heavy weights). They also completed
surveys, including a baseline survey on their demographic information and
mental health indicators (Table S5). The participants were given a financial
incentive to complete these tasks, with the compensation prorated by the
number of weeks of participation in the project. LEMURS was conducted
over 8 weeks (Oct–Dec 2022) within a single semester and included the
Thanksgiving break, a full week during which school was not in
session. There were N = 582 individuals who completed the baseline
survey and had both sleep and activity data from the Oura ring for at
least one day. Of these individuals with sleep and activity data, 65%
were female, 28% were male, and 6% were non-binary individuals.
These percentages are representative of the entire first-year under-
graduate student population at the university. 35% reported
impairment due to diagnosed anxiety or depression. The cohort
exhibited strong age homogeneity, with 97% of participants aged 18-
19 years at the beginning of the study period.

We consider the followingdata providedby theOura ring: the start and
end times for the longest nightly sleep period starting between 6 PM and 6
AM; active calories expended per day; and the time series of physical activity
level categories recorded at 5-minute intervals from 4AM to 4 AM the next

Table 4 | Mixed-effects linear models predicting social jetlag from gender, impairment, and the day of the week

Response Fixed Effect Coeff 2.5 CI 97.5 CI p-value

Social jetlag (hrs) Gender - male −0.026 −0.189 0.136 0.751

Gender - non-binary −0.170 −0.472 0.132 0.271

Impairment −0.039 −0.193 0.115 0.619

Day of week (weekday=1, weekend=0) 0.924 0.892 0.957 <0.001

Social jetlag (hrs) Gender - male −0.027 −0.190 0.136 0.745

Gender - non-binary −0.170 −0.472 0.132 0.271

Impairment −0.039 −0.194 0.115 0.618

Day of week - Tue −0.019 −0.074 0.036 0.503

Day of week - Wed −0.115 −0.170 −0.060 <0.001

Day of week - Thu −0.005 −0.060 0.050 0.856

Day of week - Fri −0.197 −0.252 −0.141 <0.001

Day of week - Sat −1.000 −1.056 −0.945 <0.001

Day of week - Sun −0.983 −1.039 −0.928 <0.001

This table shows the results ofmixed-effects linearmodels for predicting social jetlag fromgender, impairment, and thedayof theweek the sleepperiodends. The randomeffectswere theparticipant ID and
the week number. Thanksgiving week was excluded from this analysis.
Boldface numbers indicate p-values less than 0.05.

Table 5 | Mixed-effects linear model predicting active calories expended

Response Fixed Effect Coeff 2.5 CI 97.5 CI p-value

Active calories (kcal, log-transformed) Gender - male 0.105 0.077 0.133 <0.001

Gender - non-binary 0.019 −0.033 0.072 0.477

Impairment −0.028 −0.055 −0.001 0.043

Social jetlag (hrs) 0.023 0.020 0.025 <0.001

Bedtime duration (hrs) −0.021 −0.023 −0.020 <0.001

Day of week (weekday = 1, weekend = 0) 0.051 0.044 0.057 <0.001

School in session (Thanksgiving week = 0, other weeks = 1) 0.137 0.049 0.226 0.023

Gender, impairment, social jetlag and bedtime duration for the night before, the day of the week the sleep period ends (whether weekday or weekend), and whether school was in session or not were
considered as fixed effects. The random effects were the participant ID and the week number.
Boldface numbers indicate p-values less than 0.05.
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day.These categories are basedon themetabolic equivalents of task (METs),
the ratio of energy expenditure for a given activity to that when resting. The
Oura ring reports the following activity level categories70,71 based on METs
as integers: 1=rest (MET < 1.05), 2 = inactive (1.05 < MET < 2), 3=low,
4=medium, and 5=high. Typical medium-intensity activities are jogging,
hiking, and rollerskating, during which the heart rate increases, but one can
still continue a conversation. High-intensity activities like running, skiing,
and cycling cause higher increases in heart rate and respiratory demand72. In
addition to these categories, periods of non-wear are also reflected in the
activity level time series.

Ring wear compliance
Wefirst examineparticipant compliance inwearing the ring.At adaily level,
we look for thenumberofuserswith sleepor activitydata for a givendate.As
the 5-minute activity time series also records periods of non-wear, we can
compute the number of days a user has worn the ring at a given time.

Weekly patterns in physical activity and sleep
We examine sleep patterns, focusing on the timestamps of the start and end
of the sleepperiodmeasuredby theOura ring.By convention,we refer to the
start and end of the sleep period in the rest of the paper as “bedtime” and
“get-up time”, respectively. For each user, we consider days of the week
(Monday–Sunday) with three (3) or more weeks of activity and sleep data,
excluding Thanksgiving week. This reduces the number of users examined
to N = 566. However, the proportions by gender are unchanged and the
proportions by mental health impairment are similar (34% with impair-
ment vs. 35% before filtering). All days of the week also have a similar
number of individuals that meet this criterion (Table S1).

We then obtain the activity level per user for each 5-minute interval,
which we average across all weeks for every day of the week, disregarding
non-wear periods in taking the mean. The mean of the resulting per-user
mean activity time series is then taken as the collective activity time series.
We compare collective activity with the per-usermean bedtimes and get-up
times observed for every day of the week.

We also compare the sleep and activity patterns by gender and
impairment due to anxiety or depression using statistical parametric
mapping (SPM)52. SPM, originally developed for functional neuroimaging,
first assembles the result of individual statistical tests for every voxel. It then
uses random field theory to set statistical significance that controls for Type
1 errors taking into account spatial correlations. In analyzing the collective
activity time series, each time point is treated like a voxel in 1D space. Using
SPM in conjunction with pairwise t-tests, we obtain the time intervals in a
day where we observe differences in the activity patterns statistically sig-
nificant at α = 0.05. SPM calculations are implemented with the Python
module spm1d73.

Social jetlag and activity
A quantitative indicator of chronotype is the midpoint between sleep onset
and wake-up time, a measure derived from the Munich Chronotype
Questionnaire48. Social jetlag50 is the difference in the midpoint of sleep on
free days (MSF) and school or work days (MSW): SJL=MSF−MSW. Note
that social jetlag can be positive or negative, and that both indicate a
deviation from the natural sleep habits observed during free days. While
weekends have been traditionally used to compute the MSF, sleep debt
accumulated during the weekdays tends to be recovered during the week-
ends, making the weekend measure inaccurate. While corrections using
more complicated formulas have been proposed50, we instead compute the
MSF as the mean of the sleep period midpoints from Thanksgiving week,
requiring that we have at least one (1) data point for that week for a given
individual. We obtained the chronotypes for N = 541 individuals, with the
proportions by gender (66% female, 28% male and 6% non-binary) and
impairment status (34%with impairment, 66%without) almost unchanged.
The social jetlag for a sleep period outside of Thanksgiving week is then
defined as the difference between the MSF and the midpoint of that sleep
period.

We examine the association between theMSFwith gender andmental
health impairment. TheMSF is recorded as the number of hours beyond 12
AM; if themidpoint is earlier than 12AM, this number is negative. TheMSF
is used in a linear regression model as the response variable and the gender
andmental health impairment status (present or absent) of the individual as
the predictors. Note that changes in the midpoint of sleep can be due to
differences in any combination of the start time and end time of the sleep
period as well as the sleep period duration. To understand which of these is
affecting theMSF,we take the per-usermeans of the sleep period start times,
the sleep period end times, and the sleep period durations during
Thanksgiving week and use each of these as lone predictors in a linear
regression model for predicting the MSF.

Unlike theMSF, for which there is only one value for each participant,
social jetlag varies across sleep periods for an individual. We therefore use
linear mixed-effects models to understand how social jetlag is associated
with gender, mental health impairment, and the day of the week (weekday
vs. weekend), with the participant ID and the week number as random
effects.

Similarly, we use linearmixed-effectsmodels with the log-transformed
active calorie expenditure as the response and social jetlag, bedtime dura-
tion, gender, mental health impairmentt and day of the week (weekday vs.
weekend) as predictors. Zero calorie valueswere replacedwith a value of 0.1
for the log transform calculation (Fig. S8). Again, the participant ID and the
week number are random effects. For these models, we exclude Thanks-
giving week, the reference point for social jetlag.

All these models used α = 0.05 as the threshold for statistical sig-
nificance. Regressions were implemented using the Python package
pymer474.

Ethics
Participants were required to complete a comprehension assessment with
completely correct answers before being able to provide written informed
consent through REDCap, a HIPAA-compliant online application. This
study protocol was reviewed and approved by the University of Vermont
Institutional Review Board (protocol number 00002126).

Data availability
Anonymized data required to replicate most of the results are available at
https://doi.org/10.6084/m9.figshare.29625014. The code used to generate
the results in the manuscript can be found at https://github.com/mdf-
github/oura_collective. As the dataset used to generate some of the
regression results contains sensitive information and high temporal reso-
lution data that may potentially lead to de-anonymization, we can only
release this data upon a reasonable request to the corresponding authors.
We include in the repository a sample shuffled dataset so that users can run
the script and understand how the results were generated.
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