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Millions of shift workers in the U.S. face an increased risk of depression, cancer, and metabolic
disease, yet individual responses to shift work vary widely. We find that a conserved biological system
of morning and evening oscillators, which evolved for seasonal timing, may contribute to these
interindividual differences. In this study, we analyze seasonality in medical interns working shifts,
revealing that summer-winter variation correlates with increased circadian misalignment after shift
work. Mathematical modeling suggests that seasonal timing influences the rate of adaptation to new
schedules, predicting differential effects on morning and evening oscillators. Additionally, we examine
genetic polymorphisms linked to seasonality in animals and find that human variants can impact how
quickly circadian rhythms respond to schedule changes. Based on our findings, we hypothesize that
the vast interindividual differences in shift work adaptation — critical for shift worker health—can in part

be explained by biological mechanisms for seasonal timing.

Daily biological functions such as sleep, heart rate and metabolism are timed
by intracellular circadian clocks which exist within almost all cells
throughout the body. Modern life challenges this timekeeping system in
ways it was not adapted for. Industrialization, shift work, indoor lighting,
and smartphones drastically affect our sleep and the circadian timing of our
biological systems'”. We are only beginning to understand the implications
for how these factors affect human health. A tremendous amount of evi-
dence from plant and animal studies suggests that this timing is photo-
periodic and requires a multi-oscillator system™. Thus, organisms
anticipate at least both dawn and dusk, rather than a single time of day.
Substantial evidence from human studies show that photoperiod alone can
drive seasonal activity””. Much of this photoperiodism is coordinated
intracellularly in plants’ whereas animals such as Drosophila and mice time
dawn and dusk using a system of “evening” and “morning” oscillators that
were studied by Pittendrigh and Daan almost 50 years ago®. There is strong
evidence for this dual oscillator framework across species, from splitting
behavior in diurnal rodents’ to bimodal activity in Drosophila'’. The
suprachiasmatic nucleus (SCN) within the brain, often referred to as the
“central circadian pacemaker,” has multiple cell types which express dif-
ferent genes and synchronizing agents such as vasoactive intestinal poly-
peptide (VIP), neuromedin-S (NMS), and arginine vasopressin (AVP)"".
Many aspects of circadian timekeeping are conserved across species,
including the transcription-translation feedback loop structure'” and
metabolic activity in the SCN". Overall, there is tremendous support in the

literature that multiple oscillators control circadian timing across species,
including in humans'".

This multi-oscillatory timing of dawn and dusk has largely been
ignored in the human circadian rhythms literature. However, a careful look
at the data suggests that it could be quite important. Laboratory studies have
shown that human sleep duration and melatonin profiles vary according to
photoperiod®', and these effects are pronounced in seasonal affective dis-
order (SAD)". In controlled settings, photoperiod also affects body tem-
perature, prolactin secretion, and cortisol secretion’. When humans are
exposed to natural lighting conditions, their melatonin rhythms encode
dawn and dusk'®. With the advancement and increasing prevalence of wrist
wearable technology, there is growing evidence in support of photoperiodic
encoding in our day-to-day lives. Bedtimes and wake times vary sig-
nificantly throughout the year'*” and significant but modest changes in
sleep duration were observed in ref. 20. In another study”', sleep duration in
over 68,000 participants in Japan increased about 40 min from summer to
winter on average. A review paper analyzing data from 110 articles with over
100,000 participants shows that there are significant differences in physical
activity and sedentary behavior across seasons™. The circadian clock seems
to play a significant role in seasonal rhythms in weight gain”. Despite all the
evidence for human seasonality, the detailed underlying mechanisms and
role in day-to-day health have yet to be identified.

The Intern Health Study (IHS) is an annual cohort study that follows
first-year medical residents in the U.S. for the whole intern year. The study
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collects measurements of step count, sleep, and heart rate from wrist
wearable devices during the study period. We study data from over 3000
medical interns in the U.S. in the 2017-2019 cohorts working both day and
night shifts and find strong evidence of seasonal variation in activity and
sleep duration. Using a validated digital biomarker of circadian rhythms of
heart rate (HR)*, we study the misalignment between HR circadian
rhythms and sleep-wake patterns. Studying medical interns on shifts, we
find that individuals have drastically different circadian behaviors when
adapting to night shifts, even if they behave similarly under typical condi-
tions. In particular, we find that individuals with stronger seasonal encoding
are more sensitive to frequent shift changes and have more HR-sleep mis-
alignment on average.

Nurses’ sleep schedules show similar inter-individual differences,
which have been linked to genetic polymorphisms”. In addition, several
recent genome-wide association studies (GWAS) have linked certain single
nucleotide polymorphisms (SNPs) to sleep behaviors and circadian
amplitude inferred from wearable devices™”. However, the role of genetic
polymorphisms in human seasonality is poorly understood. A previous
GWAS study of SAD failed to identify any significant associations™, possibly
due to the relatively small sample size (1380 cases and 2937 controls).
Complex traits are often associated with combined effects of multiple SNPs,
and many studies do not account for these interactions™. However, there is
growing evidence that genetic factors do indeed affect seasonality™.

A recent study found that the SLC20A2 gene, which encodes sodium-
dependent phosphate transporter 2 (PiT2), is expressed in VIP/NMS neu-
rons localized in the SCN core and is involved in seasonality in mice”.
SLC20A2-deleted mice failed to adapt to winter photoperiods, although they
showed normal behavior with summer photoperiods and in response to
phase shifts. Thus, we wondered if SLC20A2 polymorphisms would influ-
ence human behavior observed throughout the year. In this study, we find
that combinations of multiple SNPs of SLC20A 2 have statistically significant
associations with altered physical activity, sleep duration, and circadian
entrainment across seasons in the medical interns. We create a mathema-
tical model of seasonal encoding in humans based on the dual circadian
oscillator hypothesis by Pittendrigh and Daan® to study inter-individual
differences in seasonal behavior explained by differences in neural coupling
in different parts of the SCN. Our model predicts that certain individuals
have quicker circadian entrainment than others, surprisingly causing more
circadian misalignment on average in the context of shift work. Overall, our
work demonstrates that seasonal timing mechanisms may play a significant
role in shiftwork adaptation and contribute to the large inter-individual
variability in daily behavior found in the data.

Results

Seasonal variation in daily activity and time awake

We analyzed wrist-wearable step data between May 2017 and March 2020
from over 3000 participants of the IHS (Fig. 1a). The geographic locations of
these participants were spread out across the U.S. with latitudes ranging
from 21.3°N to 48°N (Fig. 1b). In line with previous studies”, we found that
the medical interns had significant variation in daily steps throughout the
year with the largest daily steps in the summer (8453.67 + 60.03 (SEM)
steps) and lowest in the winter (7588.75 + 69.33 (SEM) steps) (Fig. 1c). The
data were binned by meteorological season (months 3-5 as Spring, 6-8
Summer, 9-11 Fall, and 12, 1, 2 Winter) and compared via one-way
ANOVA (F(3,7309) = 28.95,p = 1.33 x 10 %, = 0.0117) with Tukey’s test.
Traditionally, seasonality has been studied in terms of activity duration—the
dual oscillator model by Pittendrigh and Daan® posits that length of activity
changes with photoperiod. Accordingly, we determined long intervals of
time awake from minute-level sleep data collected by the wearable devices
for each participant. All durations of time awake (sleep=0 for each minute)
between 6 and 24 h in length were recorded as time awake for the corre-
sponding date. We chose 6 h as a reasonable lower bound to exclude short
wake periods within sleep sessions. We found that time awake in the medical
interns varied significantly across seasons as well, with longer periods of
time awake in the summer (15.83 + 0.04 (SEM) hours) than in the winter

(15.52 £0.06 (SEM) hours) or spring (15.54 + 0.08 (SEM) hours), though
the effect size was small (Fig. le, one-way ANOVA, F(3,2019) = 6.43,
p =247 x 107, i’ = 0.0095; with Tukey’s test). This finding corroborates
previous studies’”' showing seasonal patterns in sleep duration. Activity
across the year is influenced by many external factors, yet we see statistically
significant effects of seasons with highest activity in the summer.

While time awake is an important behavioral endpoint of seasonality,
the size of the sleep data was small compared to the step data (87,600 data
points across all participants, compared to 355,744 for steps). Based on the
data, the wearable devices were not worn consistently during sleep. How-
ever, we found that time awake was strongly associated with daily steps (Fig.
1d, linear regression coefficient B, = 549.42, p=5.36 x 107"*%), indicating
that large step counts were likely spread out over long periods of time awake.
As a result, we chose to use daily steps as our main behavioral endpoint of
interest in favor of statistical power. The difference in daily steps between
summer and winter was strongly associated with latitude (Fig. 1f, linear
regression coefficient B, = 32.3221, p=6.02 x 10~°). Based on the length of
day model from™, the photoperiod varies as little as 2.1 h or as much as 8.2 h
throughout the year, depending on the participants’ latitude.

Dual oscillator model for seasonal encoding

Based on the notable seasonal variation we found in activity and circadian
rhythms, we decided to explore the potential mechanisms underlying sea-
sonal behavior and responses to shift work using a dual oscillator framework
as proposed by Pittendrigh and Daan®. The model in this paper consists of
two ordinary differential equations (ODEs) describing the rate of change of
the phases of two oscillator populations, the evening (E) and morning (M)
oscillators. The oscillator populations are coupled to each other and to a light
signal, where synchronization rates depend sinusoidally on the phase dif-
ference with the synchronizing oscillator (E, M, or light). A schematic
diagram is provided in Fig. 2a, and the ODE:s are given in the Methods.

In simulations, when the photoperiod is increased from 8 h to 16 h, the
phase gap between the two oscillators also increases (Fig. 2b). We took this
model phase gap to represent activity, as in Pittendrigh and Daan’s study”.
Our model has 7 parameters: two are related to light signaling in the evening
oscillator (a,, b,), two are related to light signaling in the morning oscillator
(@m> bm), two are the coupling strengths between the two oscillators
(App Ag), and one is related to the oscillators’ intrinsic frequencies (p). The
parameters are described further in the Methods.

Following Pittendrigh and Daan®, we simulated actograms using our
mathematical model (Fig. 2c). Shaded regions indicate 5-hour time periods
starting from oscillator peaks, to visualize the circadian clock’s influence on
activity. We ran simulations with a 12:12 light-dark cycle, then every 30 days
we adjusted the light-dark schedule either by introducing 3-hour phase
shifts (Fig. 2, left), changing the photoperiod (Fig. 2¢, center)—from 12 h to
20 h, back to 12 h, and finally down to 4 h for the last 30 days, or by shifting
the light-dark schedule by 12 h (Fig. 2¢, right). After 3-hour phase shifts, the
solutions take some time to re-entrain to the new schedule, but the phase gap
between the E and M oscillators stays consistent during the entrainment
periods. When the photoperiod is lengthened, the E and M oscillators
gradually move apart in phase, and when the photoperiod is shortened, the
phases of the oscillators gradually get closer. Interestingly, a 12 h phase shift
can produce splitting behavior similar to that seen in animal studies'. The
phases of the E and M oscillators gradually grow apart until they switch
places relative to the new schedule, cross each other, and then become fully
re-entrained. This behavior depends on parameters, which we discuss later.

Seasonality and shiftwork adaptation

There are various circadian rhythms throughout the body that can be
misaligned with each other”. For example, it is known that heart rate is
generally lowest during sleep®, but the circadian rhythms of heart rate can
be out of phase with the sleep-wake cycle, and this internal misalignment has
been associated with an increased risk of cardiovascular disease’” and mental
health risks™". For some individuals heart rate is lowest early during the

sleep period, and for others it reaches its minimum later”. In our data on
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Fig. 1 | Daily activity varies seasonally according to latitude. a Step data across the
year-long internship is collected through a wrist-wearable device. b Geographic
coordinates of study participants, with latitudes varying from 21.3°N to 48°N.

¢ Mean daily steps binned by meteorological seasons Spring (n = 1709), Summer
(n=2280), Fall (n =1841), and Winter (n = 1483) (one-way ANOVA,

F(3,7309) =28.95, p=1.33 x 107", n? = 1.17 x 10% with Tukey’s test, *p < 0.05,
#H*kp < 1 x 107). d Daily steps are strongly associated with time awake (linear
regression coefficient B; = 549.42, p = 5.36 x 0, adjusted R> =81 x 107). The
model is fit to individual data (n = 86,536 across 673 subjects) and plotted in bins for

easier visualization. Error bars are standard error of the mean. e Mean daily time
awake binned by meteorological seasons Spring (n = 342), Summer (1 = 672), Fall
(n =564), and Winter (n = 445) (one-way ANOVA, F(3,2019) =6.43, p =2.47 x
107, 0’ = 9.5 x 107%; with Tukey’s test, **p < 0.01, ¥***p < 1 x 107°). f Mean daily
steps during the summer minus mean daily steps during the winter for each parti-
cipant (n = 1471) plotted against their latitude (linear regression coefficient

By =32.3221, p=6.02 x 10°%, adjusted R* = 4.5 x 107). Error bars are the standard
error of the mean.

average HR minimum occurs around 0.45 + 5.64 (SD) hours before sleep
midpoint. Not only is the phase relationship between the two rhythms
highly variable from individual to individual, but it also varies widely within
individuals.

We used the Bowman algorithm™ to extract circadian phase from HR
data. The algorithm uses a 24-hour sinusoidal model with a likelihood-based
approach that is not significantly affected by large intervals of missing data.
More details are provided in the Methods. We took the absolute difference
between HR circadian phase or minimum (HR,,,;,,) and sleep midpoint (SM)
measured by the wearable devices to compute a metric we call “HR-sleep
misalignment.” In other words, HR-sleep misalignment = min(|HR ;, —
SM|,24 — |HR;, — SM|) (Fig. 3a). The distributions of HR,,;,, SM, and
HR-sleep misalignment are shown in Fig. 3b. We generally expect the HR
minimum to be close to the sleep midpoint, so that misalignment is close to
zero. There are two bumps in the distributions of HR,,,;, and SM because the
participants are on night shifts for a small fraction of the internship year.
HR-sleep misalignment is much higher on average during “night sche-
dules,” when the sleep midpoint is between 12:00 and 24:00 (Fig. 3c). HR,,,;,,
and SM can change from day to day, especially as individuals are switching
between different shift schedules. For example, the HR circadian phase
along with step actograms of two different participants are plotted in Fig. 3d.

Some participants had reduced seasonal variation in activity, with little
to no difference between summer and winter step counts. Others (23.5% of
participants) had the opposite behavior from most participants, with more
steps during the winter than during the summer, possibly indicating that
these individuals were more responsive to other seasonal rhythms (e.g.,
hospital burden) rather than photoperiod. We found that participants with
larger summer-winter differences in daily steps, with more activity during
the summer than in the winter, were more likely to have higher HR-sleep
misalignment after winter night shift work (Fig. 3f). Data were averaged
across all days immediately following night shifts for each participant,
regardless of the shift schedule following the night shift. The correlation
between HR-sleep misalignment after night shifts and summer-winter steps
differences was not found during the summer (Fig. 3e). The data suggest that
individuals with larger seasonal variation in activity are more likely to
experience circadian misalignment after night shifts in the winter than
individuals with reduced or no seasonal variation. On the night shift days,
there wasn’t a significant association between HR-sleep misalignment and
summer-winter steps differences in the summer (n = 1,786, $; =2.40x 10,
p =456 x10"") or winter (n=1,254, f, =6.36 x 107, p=1.01 x 107"), not
pictured. In addition, we also found that summer-winter daily steps dif-
ferences were significantly associated with average absolute daily changes in
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right, we simulate 3-hour phase shifts, photoperiod changes, and a 12-hour phase
shift. For the 3-hour phase shifts, the 12:12 light-dark schedule is delayed or
advanced by 3 h (left). To simulate photoperiod changes, the photoperiod is
increased to 20 h, then decreased back to 12 h, then reduced to 4 h (center). To
simulate night shift work, the schedule is shifted by 12 h (right).

HR circadian phase (Supplementary Fig. 1), indicating that individuals with
larger summer-winter variation were more likely to have larger day-to-day
variation in HR phase. As we will discuss later, the effects of night shift work
on HR circadian phase were typically not observed until a day after the night
shifts.

Combined effects of SLC20A2 SNPs

A recent animal study” shows that the SLC20A2 gene is involved in sea-
sonality in mice, but the effects of the gene on seasonality in humans have
not been studied. From the 225,466 variants genotyped in our sample, we
found 6 single-nucleotide polymorphisms (SNPs) of SLC20A2 (rs3763510,
rs34749433, rs4737046, rs6988483, rs13281070, and rs7818789). We
checked for linkage disequilibrium (LD) and found that the SNPs were
independent except for rs7818789, which we excluded from our study. We
then studied the combined effects of the remaining 5 SNPs. For each SNP,
we chose the allele with the highest frequency as the reference allele, and
encoded the genotype for each SNP as 0, 1, or 2 for homozygous non-
reference, heterozygous, and homozygous reference, respectively. As a
result, each participant’s SLC20A2 genotype was represented by a
5-dimensional vector with elements 0, 1, or 2. In our sample, there were 79
different genotype combinations. Only 23.4% of medical interns who pro-
vided genomic data have the homozygous reference genotype (2,2,2,2,2] for
all 5 SNPs. The most common genotype combination was'” in 26% of the
subjects. In this study, we refer to the 10 most common genotype combi-
nations as groups 1-10 and compare daily steps and HR-sleep misalignment
across the 10 genotype groups; group percentages are visualized in Fig. 4a.
The numbers of individuals in each group were: n=1271 for group 1,
n = 1137 for group 2, n =416 for group 3, n =391 for group 4, n = 372 for
group 5, n =298 for group 6, n=294 for group 7, n =259 for group 8,
n =226 for group 9, and n =194 for group 10. We did not analyze any

further genotype groups due to small sample sizes. Across all individuals in
the 10 genotype groups, we had 20.33 +5.81 (SD) hours of minute-level
heart rate data on average per day and 219.48 + 112.42 (SD) days of heart
rate data per person on average.

We conducted generalized estimating equation (GEE) analyses for
daily steps, time awake, and HR-sleep misalignment to investigate the effects
of genotype while accounting for the correlation of within-subject data. We
considered the following 12 input variables for each analysis: genotype
group, day of year, and the top 10 genotype-based principal components
(PCs) using the MATLAB toolbox GEEQBOX™. Principal components
analysis was used to help adjust for population stratification”. We assumed
an autoregressive (Lag 1) (AR(1)) correlation structure where correlations
are highest between adjacent times. We found that genotype group is a
significant predictor of daily steps, time awake, and HR-sleep misalignment.
We then conducted pairwise GEE analyses with Bonferroni correction for
the 45 comparisons across 10 groups and found that group 10 had the most
significant pairwise differences (p < 0.05/45 = 0.0011) from other groups in
daily steps, group 1 had the most significant pairwise differences from other
groups in time awake, and group 9 had the most significant pairwise dif-
ferences from other groups in HR-sleep misalignment (Fig. 4b). The sta-
tistics for the GEE analyses across all 10 groups for daily steps, time awake,
and HR-sleep misalignment, as well as for the 45 pairwise GEE models are
provided in the supplementary materials.

The time courses of daily steps, HR-sleep misalignment, and time
awake for groups 9 and 10 also show some qualitative differences from
group 1 (Fig. 4d, f). While the peak of activity is in June for all three groups,
the amplitude of seasonal variation in daily steps is larger on average in
group 10 than in groups 1 and 9; see Fig. 4d. Seasonal variation of circadian
misalignment between different endogenous clocks has previously been
observed in ref. 42. The HR-sleep misalignment curve for group 9 has large
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Fig. 3 | HR-sleep misalignment due to night shift work is associated with
summer-winter activity differences. a Heart rate circadian phase, and sleep mid-
point are measured from wrist-wearable data using previously validated methods™.
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phase and sleep midpoint. b Histograms for all participants for HR circadian phase
(top), sleep midpoint (middle), and HR-sleep misalignment (bottom). There are
small secondary bumps in HR phase and sleep midpoint because the participants are
on night shifts for part of the program. ¢ HR-sleep misalignment is much higher on
average during night schedules, when the sleep midpoint is past 12:00. d Step
actograms showing example activity for two different subjects. The red curve indi-
cates HR circadian phase, and the error bars indicate 80% confidence bands. The

Summer-winter
daily steps difference

><1O4

subject on the left adjusts to a new schedule within a few days, while the subject on
the right has large day-to-day fluctuations in the HR circadian phase. e Mean HR-
sleep misalignment after night shifts is not significantly associated with summer-
winter daily steps difference during the summer (linear regression coefficient

B =1.03x10"% p=7.52x10""). The linear model is fit to individual data (n = 1618),
and the data are binned for easier visualization. Error bars are the standard error of
the mean. f Mean HR-sleep misalignment after a schedule change is significantly
associated with summer-winter daily steps difference during the winter (linear
regression coefficient f; = 9.16 x 10~°, p = 1.60 x 10", adjusted R* = 4.3 x 107°). The
linear model is fit to individual data (1 = 1138), and the data are binned for easier
visualization. Error bars are the standard error of the mean.

fluctuations, particularly in the spring. Groups 9 and 10 on average have
more HR-sleep misalignment than group 1, especially in the winter; see Fig.
4e. To check for differences in shift work schedules that might contribute to
the misalignment, we computed the fraction of night schedules where the
sleep midpoint was between 12:00 and 24:00, which was around 5% on
average, and found that there was no significant difference between groups
(one-way ANOVA, F(9,1448) = 1.3044, p = 0.2295). Interestingly, we find
that there is larger variation in HR-sleep misalignment across the genotype
groups during the winter than during the summer (Fig. 4c). The standard
deviation of the mean HR-sleep misalignment within genotype groups is

0.2979 during the winter and 0.1186 during the summer, which is sig-
nificantly different with a Bartlett’s Test p-value of p = 0.01145. Plotting time
awake throughout the year, we see that the most common genotype group
has relatively small changes in time awake throughout the year compared to
the other two groups (Fig. 4f).

Altered seasonal timing and shiftwork adaptation in

genotype groups

We used our mathematical model to study the potential mechanisms
underlying the differences we found between the genotype groups. In the
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Fig. 4 | Seasonal changes in SLC20A2 polymorphism groups. a Each subject’s
genotype is categorized by a 5-dimensional vector encoding the 5 SLC20A2 SNPs.
We encode each SNP with the value 2 (homozygous reference), 1 (heterozygous), or
0 (homozygous non-reference). The pie chart shows the 10 most common genotype
combinations of the 5 SNPs. The 10 groups make up 76.44% of the subjects.

b Differences between groups are tested using generalized estimating equation
(GEE) models with day of year and the top 10 principal components (PCs) as
covariates. There is a significant difference between groups for daily steps
(p=0.0014), HR-sleep misalignment (p = 0.0082), and time awake (p = 0.0206). The
bars visualize the number of significant pairwise differences (p < 0.0011) for each of
the 10 groups, using GEE analyses with Bonferroni correction. ¢ Mean HR-sleep

Month Month

misalignment calculated for each genotype group has a significantly larger variance
during the winter than during the summer (Bartlett’s Test, p = 0.011). d Daily steps
over the year for genotype groups 1,9, and 10. Group 1 is the most common genotype
group, and Groups 9 and 10 have the most pairwise differences from the other
groups in HR-sleep misalignment and daily steps, respectively, shown in panel (b).
Error bars are the standard error of the mean. e HR-sleep misalignment for groups 1,
9, and 10. Error bars are the standard error of the mean. HR-sleep misalignment is
visibly different across the three groups, especially during the winter. f Time awake
for groups 1, 9, and 10. Error bars are the standard error of the mean. Time awake in
group 1 has a smaller amplitude of change compared to the other two groups.

ODE model, the parameters a,, a,,, b, and b, adjust coupling of the evening
(subscript ‘¢’) and morning (subscript ‘n7’) oscillators to light signaling, the
parameters A, and Ag are the coupling strengths between the two oscilla-
tors, and p adjusts the separation of intrinsic frequencies of the oscillators.
We fit the 7 parameters and normalized model phase gap
(phase gap = min(|¢>E — ¢M|, 24 — !([)E — ng})) to normalized daily steps
data for each subject across all 10 groups. The ODE solutions and steps data
were normalized by their respective means in group 1, and data were fit
using the nonlinear least-squares fitting function Isqnonlin in MATLAB.
Solutions were accepted for positive exitflag, which typically indicates a local
solution was found. The same initial conditions, informed by previous
studies"™", were used across all subjects. After parameter fitting, outliers
more than 3 scaled median absolute deviations (MAD) from the median
were determined to be biologically unrealistic predictions of the parameters.
More details for these modeling choices can be found in the Methods. An
example of a model fit is provided in Fig. 5a. We performed one-way
ANOVAs for all 7 parameters across all 10 groups and found significant
differences between groups for only two parameters: a,, which controls light
signaling to the evening oscillator, and A, which controls E to M coupling;
see Fig. 5b, c. Interestingly, we found that group 10 had significantly reduced
a, compared to group 1 (post-hoc Tukey’s test, p = 0.0476) and group 9 had
significantly elevated A,; compared to groups 1-3 (post-hoc Tukey’s test,
p=0.0129, p=0.0371, p = 0.0437, respectively). There were no significant
differences between groups for the remaining 5 parameters.

Within the dual oscillator framework, our model suggests that
SLC20A2 polymorphisms can control coupling between SCN regions or to
light signals. SLC20A2 is expressed in VIP/NMS neurons in the SCN,
encoding a phosphate transporter that potentially influences signaling

pathways™. Groups 9 and 10 had altered HR-sleep misalignment and daily
steps throughout the year in our GEE models. From the GEE models
alone, it isn’t clear why groups 9 and 10 have these differences. However,
our ODE model suggests that these individuals have reduced coupling of
the E oscillator to light (a,, group 10) or increased E-to-M coupling (A,
group 9). The effects of these parameters on circadian entrainment in the
model are explored in Fig. 5d, e. While it’s likely that a combination of
multiple parameters drives individual differences in entrainment, con-
tributing to the small observed effect sizes for each parameter in Fig. 5b, c,
we focused on a, and Ay, because they showed statistically significant
differences across genotype groups and we were interested in how changes
in these parameters alone can influence entrainment patterns. These
parameters represent coupling strengths, and though the precise
mechanisms of coupling between SCN cells are not fully understood, they
can reasonably vary by an order of magnitude®. With reduced coupling of
the E oscillator to light (a, reduced by a factor of 0.1), the M oscillator
adjusts to new photoperiods quickly, while the E oscillator does not
respond (Fig. 5d, left). With increased coupling from the E oscillator to M
oscillator (A, increased by a factor of 10), changes in response to pho-
toperiod happen much more quickly in both directions (Fig. 5d, right).
The effects of these parameter changes are much more noticeable in the
case of a 12 h phase shift. In our study, the medical interns undergo night
shifts for a small fraction of the year. Our model suggests that with reduced
coupling of the E oscillator to light, entrainment to a 12 h phase shift
happens much more slowly than in the nominal model (Fig. 5e, top,
compared to Fig. 2, right). With increased coupling from the E oscillator
to M oscillator, circadian entrainment is quicker and there is no splitting
behavior (Fig. 5e, bottom).
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Fig. 5 | Parameter fitting suggests altered seasonal tracking in polymorphism

groups. a Example of the ODE model fit to daily steps (gray points) data for a subject
from Group 1. The 30-day means are plotted to help visualize the time course. Error
bars indicate standard deviation. The phase gap computed by the ODE model and
daily steps from the data are normalized by the respective group 1 means. b, ¢ Two of
the fitted parameters, a, and A, are significantly different between the 10 genotype
groups. b The parameter 4, adjusts coupling of the E oscillator to light signals. One-
way ANOVA F(9, 1443) = 2.39 and p = 0.011, with post-hoc Tukey’s test, *p < 0.05,
andn’ = 0.0147. Error bars indicate standard error. On average, group 10 has smaller

24 hours

48 hours

a, than the other groups. ¢ The parameter A, determines the coupling from the E
oscillator to the M oscillator. One-way ANOV A F(9,1344) = 1.90 and p = 0.048, with
post-hoc Tukey’s test, *p < 0.05, and n* = 0.0125. On average, group 9 has larger A,
than the other groups. d Model actograms for varying photoperiods with reduced

coupling of the E oscillator to light (a,) and increased coupling from the E oscillator
to M oscillator (A ). The shaded regions start at the peaks of sin(¢g) and sin(¢,) and
span 5 h as in ref. 8. e Model actograms for a 12-hour light-dark schedule shift with
reduced a, (by a factor of 0.1) and increased A, (by a factor of 10).

Based on our model, we predicted that group 9’s intrinsic circadian
rhythms would be more responsive to light signals and entrain more quickly
than other groups. We investigated the dataset further, analyzing circadian
entrainment and HR-sleep misalignment following night shifts, and found
that the data indeed reflects the behavior predicted by our model. To study
the effects of night shifts, we categorized them by whether they were isolated
or happened consecutively (and how many times). We counted the number
of isolated night shifts, the number of pairs of night shifts, the number of
three consecutive night shifts, and so on, and found that the participants did
not usually have more than two consecutive night shifts. 50% of the time
night shifts were one-off and 32% of the time they were followed by a second
night shift before returning to day shifts (Fig. 6b). With participants occa-
sionally going on one or two night shifts, we found that there generally
wasn’t enough time for their HR circadian rhythms to change significantly.
In the double-plotted actograms in Fig. 6a, we can see that the HR circadian
phase seems to “ignore” occasional one-off night shifts. We note that the
proportion of night shifts throughout the year was not significantly different
across the 10 genotype groups (one-way ANOVA, p = 0.5465, not pictured).

We carefully studied the effects of single night shifts and two con-
secutive night shifts in the dataset and found that there were differences in
entrainment rate and HR-sleep misalignment during and after the night
shifts across genotype groups 1, 9, and 10. In these analyses, we considered
night shifts that started after at least 30 days of day shifts. Previous studies
suggest that entrainment to a night shift schedule could take anywhere from
a few days to a few weeks*™*. The magnitude of the change in HR phase in
response to the night shifts was larger in group 9 than in group 1, and as a

result group 9 had more HR-sleep misalignment during the day shifts that
followed (Fig. 6¢, d). We conducted one-way ANOV A analyses for each of
the three groups’ data across the four days. All 12 tests gave significant p-
values, indicating statistically significant differences in the change in HR
phase and HR-sleep misalignment across the days. There was relatively little
change in the phase of HR rhythms of group 1 participants after a single
night shift (—0.13 + 0.11 (SEM) hours/day), so the HR-sleep misalignment
was large on the days of the night shifts (7.22 + 0.13 (SEM) hours). However,
because the change in HR phase in response to night shifts was small, the
HR-sleep misalignment in group 1 was relatively small in the following days
after returning to day shifts (3.37 £ 0.17, 3.44 + 0.18, and 3.27 + 0.18 (SEM)
hours, for days 1-3). On the other hand, for group 9, because the change in
HR phase in response to night shifts was large (—0.72 + 0.33 (SEM) hours/
day), although their HR-sleep misalignment was lower than that of other
groups on the days of the night shifts (6.67 +0.32 (SEM) hours), their
misalignment was relatively large after returning to day shifts (3.96 + 0.42,
4.29 + 0.40, and 4.33 + 0.44 (SEM) hours, for days 1-3); see Fig. 6¢.

With two consecutive night shifts, we again see relatively large HR
phase changes in group 9, 1.75 £ 0.71 (SEM) hours/day on the second night
shift compared to 0.99 + 0.20 (SEM) hours/day for group 1 (Fig. 6d). The
data show a similar trend for three consecutive night shifts as well, with a
HR-sleep misalignment of 3.98+0.67 (SEM) hours in group 9 and
2.53+0.62 (SEM) hours in group 1 immediately following 3 night shifts
(not pictured). We repeated the analyses for single night shifts in the
summer vs. winter, finding similar behaviors with larger HR phase changes
and HR-sleep misalignment in group 9 compared to group 1 after the night
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Fig. 6 | Polymorphism group experiences quicker changes in HR circadian
rhythms in response to night shifts. a Example double-plotted actograms for a
participant occasionally going on night shifts. The red curve indicates the phase of
the HR circadian rhythms. b Frequency of number of consecutive night shifts. Most
night shifts in the dataset were either isolated night shifts or two consecutive night
shifts (n =17,331). ¢ Change in HR phase (hours/day) and HR-sleep misalignment
(hours) in response to a single night shift. Data are averaged across single night shifts
that occur after at least 30 days of day shifts to help control for effects of previous shift
schedules. The magnitude of the change in HR phase immediately after a single night
shift is larger on average in groups 9-10 (—0.72 £ 0.33 (SEM) and —0.67 + 0.41

(SEM) hours/day, respectively) than in group 1 (—0.13 + 0.11 (SEM) hours/day). On
average, group 9 has lower HR-sleep misalignment than group 1 on single night shift
days but higher misalignment afterwards on days 1-3. Error bars indicate SEM.

d Change in HR phase (hours/day) and HR-sleep misalignment (hours) in response
to two consecutive night shifts. Group 9 responded with the largest change in HR
phase on the second consecutive night shift (day 1, top). Group 9 had the most
misalignment immediately after the two-night shifts (day 2, bottom). One-way
ANOVA analyses for each of the three groups’ data across the four days (for a total of
12 tests) all gave significant p-values. Horizontal lines indicate significant pairwise
comparisons from post-hoc Tukey’s tests.

shifts (Supplementary Fig. 2). Interestingly, the contrast in average behavior
between groups was more dramatic in the winter. These observations align
with our ODE model prediction that group 9 on average responds relatively
quickly to night shifts. The data suggest that, while some individuals’ cir-
cadian clocks might ignore occasional night shifts, group 9 is more sensitive
to schedule changes and therefore can face more circadian misalignment
over time.

Discussion

In this study, we considered data from thousands of medical interns over
their year-long internship. Due to the relative ease of collecting wrist-
wearable data, we have the advantage of a large sample size. On the other
hand, the data is not collected under controlled settings, so there is large
variability due to external conditions: big life events, changes in diet,
exposure to artificial lighting, etc. The main caveat with our study is that
the participants are medical interns in non-laboratory settings, so the
results must be interpreted carefully within this context. The medical
interns in our study experience seasonal variation in activity, which could
potentially be explained by many different environmental and social
factors. Photoperiod and temperature often act as complementary
environmental cues for seasonal behavior, where a decrease in day length
generally coincides with a drop in temperatures, and significant effects of
temperature have previously been demonstrated in other populations™*.
We believe that seasonal behavior is also influenced by occupational
demands. It has been observed that hospital admissions typically increase
in the winter, though it may depend on the type of care and medical
conditions™ . The highest activity in our dataset was typically in the
summer, despite the potentially counteracting seasonal effects of hospital
burden. We note that higher activity in the summer has been observed in
other populations as well'**, though the effect sizes in our study are

relatively small. Remarkably, we still find significant associations between
seasonal behavior and shiftwork adaptation.

There is strong evidence in the literature that SAD is related to seasonal
and circadian rhythms™. It is known that individuals with SAD are more
likely to experience sleep problems™. In a previous study on medical interns
participating in the THS, we showed a bidirectional link between daily mood
and circadian misalignment™. Future work could explore whether there is a
seasonal component to this relationship, and whether this could provide
clues about SAD or seasonal mood disorders. The focus of this study was to
examine the relationships between seasonality, circadian misalignment, and
shift work adaptation. Our analyses show that seasonal variations corre-
sponding to changes in day length are associated with day-to-day circadian
misalignment. In our dual oscillator model, the mechanisms involved in
seasonal timing also modulate circadian entrainment. In addition, we found
significant differences in daily steps, time awake, and HR-sleep misalign-
ment throughout the year across different genotypes, grouped by poly-
morphisms of the SLC20A2 gene. We see much larger differences in HR-
sleep misalignment between the genotype groups in the winter than in the
summer. Based on these findings, we hypothesize that SLC20A2 influences
photoperiodic encoding in humans.

It is thought that the circadian phase difference between the core and
shell regions of the SCN is involved in photoperiodic encoding, with these
regions acting as “evening” and “morning” oscillators. Previous models of
seasonal timing make the simplification that only the SCN core receives light
signaling"**>*. In simulations, seasonal changes are then created by artifi-
cially adjusting the neuronal coupling strength based on photoperiod, but
this approach does not explain how the SCN detects photoperiod. Our
model is novel in that it assumes both regions of the SCN receive light
signaling, which is supported by experiments”. At the same time, their
phases are naturally pushed away from each other due to different intrinsic
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frequencies. In our dual circadian oscillator model, circadian timekeeping
can depend on the strength of light signaling in either oscillator as well as the
coupling between the two oscillators. Our mathematical model shows
strong evidence that the inter-individual differences in circadian time-
keeping could be explained by altered light signaling in the evening oscillator
or coupling between the oscillators. The differences in the parameters shown
in Fig. 5b, ¢ are small but statistically significant. For all 7 parameters, we
chose to omit outliers more than three scaled MAD from the median. For
some of the outlier parameters, we found that the ODE model has irregular
dynamics, including phase drifting or bursting-like behaviors. We plan to
investigate these dynamics in future work.

Genotype group 9 exhibited the largest HR-sleep misalignment, yet our
ODE model predicts that this group also demonstrates strong E-to-M
coupling and robust circadian entrainment to 12-hour phase shifts. We also
find in the data that this group responds quickly to night shifts (Fig. 6).
Although counterintuitive, this pattern likely arises because medical interns
primarily work day shifts with occasional night shifts. The circadian clock
adjusts slowly, so a few night shifts after many day shifts don’t cause major
misalignment if the clock hasn’t fully shifted. However, if it entrains quickly
(e.g. for group 9), one or two night shifts can lead to greater misalignment
after switching back to day shifts. In this dataset, most of the night shifts were
1-3 consecutive night shifts. Various jet lag and shift work disorder treat-
ment approaches aim to speed up entrainment of circadian rhythms to
external cues™. For long periods of consecutive night shifts, we expect that
quick entrainment will instead lead to lower misalignment on average, but
the behavior for frequent, short periods of schedule changes is less intuitive.
Previous mathematical models have previously explored the effects of
melatonin treatment™ and light exposure therapy® on the circadian clock as
a single-oscillator system. Our ODE model can be used to further investigate
the effects of shift schedules and altered seasonal timing mechanisms on
shiftwork adaptation.

It is well established that Drosophila, rodents, and other crepuscular
animals with morning and evening bouts of activity have populations of
neurons in the SCN that track dawn and dusk. In humans, the onset of
melatonin secretion occurs around dusk, and the offset occurs around
dawn"'. While there may not be any noticeable inter-individual differences
in circadian timekeeping during regular, 24 h-periodic light-dark condi-
tions, individual responses to schedule changes can vary tremendously.
Based on our findings, we hypothesize that SLC20A2, localized in SCN core
neurons and involved in seasonal timing in mice”, may be involved in
seasonal timing in humans as well, influencing shiftwork adaptation. While
statistically significant, the combined effects of the SLC20A2 SNPs in our
study are quite small and complex—small effect sizes are expected in genetic
contributions to human behavior”. We do not think that SLC20A2 alone
can explain differences in seasonal behaviors and shiftwork adaptation, but
it may contribute as one of many genetic factors influencing inter-individual
variability. Further studies are needed to clarify the role of SLC20A2 in the
biological pathways regulating seasonal timing in humans and how these
pathways influence circadian entrainment. In addition, studies at the
intersection of work, individual differences, and genetics require careful
interpretation”. Importantly, our findings do not speak to how well indi-
viduals perform during their shifts and should not be used to make
assumptions about capability or performance.

We show that there is a relationship between seasonal timing and
shiftwork adaptation, but the relationship is not straightforward and can be
influenced by many other external factors. Some individuals have more
circadian misalignment on average due to quick responses to abrupt sche-
dule changes, but in some cases this may be advantageous. Understanding
these differences will allow for a deeper understanding of circadian and
seasonal timing as well as their health impacts. Our study shows strong
evidence for a contributing role of photoperiodic timing in shiftwork
adaptation, and we believe that these effects may extend to other modern-
day challenges (e.g., east-west travel) as well.

Genetic polymorphisms linked to speeding up or slowing down
intracellular timing can affect overall circadian rhythms, and even our ability

to adjust to daylight saving time*. To our knowledge, our study is the first to
explore the effects of seasonality and genetics on shift work adaptation in
humans. Our study contributes several new insights related to human cir-
cadian rhythms. Despite mixed findings in the literature, our findings use
data from real-world settings to corroborate previous studies showing sta-
tistically significant seasonal effects in humans. Our study suggests that HR-
sleep misalignment can be caused by seasonal encoding mechanisms that
are tracking day-to-day schedule changes in a modern-day context. In
addition, we found that there were statistically significant effects of SLC20A2
SNPs on daily steps, HR-sleep misalignment, and time awake throughout
the year, and using a mathematical model, we studied inter-individual
differences in seasonal timing and shiftwork adaptation. We believe that our
findings have important implications for shift work, suggesting that
heightened sensitivity to seasonal cues may contribute to circadian mis-
alignment in response to irregular schedules. These insights highlight the
need for personalized strategies in managing shift work to mitigate potential
health risks associated with circadian disruption.

Methods

Study design and participants

Two to three months before the start of the internship, incoming interns
were invited via email to participate. The interns who consented then
completed a baseline (pre-internship) survey. Saliva samples were collected
via mail. Participants were provided a Fitbit Charge 2 or Inspire HR to
collect sleep, steps, and heart rate data; or $50 if they already had a com-
patible Fitbit (Fitbit Inc., San Francisco, CA). The University of Michigan
Institutional Review Board approved the study, and all subjects provided
informed consent after receiving a complete description of the study.

Genotyping

Interns provided saliva samples using the Oragene salivary DNA kits®. The
Illumina Infinium CoreExome-24+ Chip was used for genotyping for the
IHS sample. Next, quality check was implemented by removing samples
with call rate <99%, a sex mismatch between genotype data and reported
data, or a lower call rate when duplicated, and removing SNPs with call rate
<98% (after sample removal) and minor allele frequency (MAF) < 0.005.
Linkage disequilibrium (LD) based SNP pruning was then performed with a
window size of 100 kilobases (kb), a step size of 25 variants, and pairwise r*
threshold 0.5. Finally, top 10 principal components (PCs) were extracted
from the genotyped data based on the variance-standardized relationship
matrix. Quality check, LD-pruning, and PCs extraction were all performed
with PLINK v.1.9%.

SLC20A2 variant extraction

We used R package ‘rentrez’ [<rentrez>], which works with the NCBI Entrez
Programming Utilities (E-utilities) API to search data from NCBI databases,
to isolate all SLC20A2 SNPs from the genotyped data. From the variants
genotyped in our sample, we found 6 single-nucleotide polymorphisms
(SNPs) of SLC20A2 (rs3763510, rs34749433, rs4737046, rs6988483,
rs13281070, and rs7818789), of which 5 (excluding rs7818789) were not in
LD and effectively independent of each other in terms of inheritance.

Bowman Algorithm

The Bowman algorithm™ is used to determine the phase of HR circadian
rhythms from heart rate and activity data. The model for HR at hour f is
given by

HR, = a— bcos (% (t— c)) +d - Activity + ¢,, (1)

with parameters a, b, ¢, and d, and an error term. HR increases pro-
portionally to activity (steps), and the time of the HR minimum (c) is taken
as the circadian phase. In this study, the consumer wrist-worn Fitbit Charge
2 was used to continuously collect heart rate, sleep, and activity data from
medical interns. A validation study of the Fitbit Charge 2 compared to gold
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standard polysomnography showed a sensitivity of 0.96 (accuracy in
detecting sleep) and a specificity of 0.61 (accuracy in detecting wake) in
healthy adults”. Other studies support the sufficient accuracy of the Fitbit
Charge 2 in measuring heart rate®®. Another study® has shown that wrist-
worn wearable devices measuring heart rate perform well at rest but can
have limited accuracy during exercise. The concordance correlation
coefficient for Fitbit Charge HR (part of the same Charge series) against
electrocardiogram was 0.84. In addition, there are many external factors
influencing heart rate, including meals” and stress”". Noise accounting for
these effects is modeled as Gaussian noise plus an AR(1) process,

€41 = ke, + N(0,0%) 2)

Parameters are estimated via Goodman and Weare’s affine-invariant
Markov chain Monte Carlo algorithm”™. More details about the model and
parameter estimation can be found in the original paper’* and the code used
is publicly available at https://github.com/pepperhuang/heartrate.

Dual oscillator mathematical model

The model in this paper consists of two ordinary differential equations
(ODEs) describing the rate of change of the phases of two oscillators, the
evening (E) and morning (M) oscillators. The oscillators are coupled to each
other and to a light signal, where synchronization rates depend on the phase
difference with the synchronizing oscillator (E, M, or light). A schematic
diagram is provided in Fig. 2a and the ODEs are given by

¢y = wg + Agsin(¢y, — @) + Azp(L)sin(¢, — ¢;), G)

(bM = wy + Ay sin (¢’E - ¢M) + Azy(L) sin (‘/’L - ¢M)’ @

—_2 =2
where wp = 37575 Wy = 5557y and
" %7 t<L ()
B0 =1 0 ’
= e e

¢pand ¢, are the phases of the E and M oscillators, respectively, and ¢ is
in hours. wr and wj, represent intrinsic frequencies. The second term in
each of Eqs. (3) and (4) describes the coupling effect of the other (E or M)
oscillator, and the third term describes the effect of light signaling. The phase
of the light oscillator with photoperiod L is denoted ¢; (Eq. (5)). Here,
¢1(0) = ¢7(24) =0 radians so that the light signal is 24 h periodic and
¢1(L) = mradians so that the oscillator completes halfa cycle at the end of the
light phase. Light signaling drives their intrinsic frequencies further apart as
in ref. 8. We take this effect to be sigmoidal, where D(L) = (1 + exp(—p
(a,L—1)))"* for i € {E,M}. The light intensity is represented by a,L so that it is
proportional to the photoperiod, as it is in natural settings. The functions
Azp(L) = ab.L and Azy(L) = a,,b,,,L account for light intensity a.L and a,,L
and coupling strength through the parameters b, and b,,. For each parti-
cipant, we took L to be the natural photoperiod at their geographic location.
Sunlight is significantly brighter than indoor lighting, and several studies
show that even when individuals spend most of their time indoors, they are
exposed to bright light throughout the day in relation to day length””".

The initial parameter values used for nonlinear least-squares fitting
were a,=0.0833, a,,=0.0833, b,=0.009, b, =0008, A,=0.00l
A,,=0.001, and p =2.5. These values were informed by simulations in
previous studies using a dual oscillator model***. Before fitting, the data
was normalized by the group 1 average (8,742.7 steps) and the phase gap
curves were normalized by 4.35 h so that the normalized group 1 phase
gaps were centered around 1 (see Fig. 5a). In comparing parameter values
across groups, we omitted parameters beyond 3 scaled median absolute
deviations (MAD) from the median, which corresponded to about 10%
from both the upper and lower ends of each set on average. This threshold
was applied symmetrically and consistently across groups. Numerical
solutions for the ODEs were computed using ode45 in MATLAB. The

code for the ODEs and parameter fitting is provided at https://github.
com/rubyshkim/twophase_ODE:s.

Data availability
The de-identified data from Intern Health Study that supports our findings
are available from the authors upon reasonable request.

Code availability

The MATLAB code for the mathematical model is available at https://
github.com/rubyshkim/twophase_ODEs. The code created for the data
analyses in this paper is available from the authors upon reasonable request.
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