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Accurately predicting mood episodes in
mood disorder patients using wearable
sleep and circadian rhythm features
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Wearable devices enable passive collection of sleep, heart rate, and step-count data, offering potential
for mood episode prediction in mood disorder patients. However, current models often require various
data types, limiting real-world application. Here, we develop models that predict future episodes using
only sleep-wake data, easily gathered through smartphones and wearables when trained on an
individual’s sleep-wake history and past mood episodes. Using mathematical modeling to longitudinal
data from 168 patients (587 days average clinical follow-up, 267 days wearable data), we derived
36 sleep and circadian rhythm features. These features enabled accurate next-day predictions for
depressive, manic, and hypomanic episodes (AUCs: 0.80, 0.98, 0.95). Notably, daily circadian phase
shifts were the most significant predictors: delays linked to depressive episodes, advances to manic
episodes. This prospective observational cohort study (ClinicalTrials.gov: NCT03088657, 2017-3-23)
shows sleep-wake data, combined with prior mood episode history, can effectively predict mood

episodes, enhancing mood disorder management.

Disruptions in sleep and activity patterns have been observed in individuals
diagnosed with mood disorders, including major depressive disorder
(MDD)"* and bipolar disorder (BD)*". To gain a deeper understanding of
these mood-related patterns, sensors in smartphones and wearable devices,
such as accelerometers, Global Positioning System sensors (GPS), and light
sensors””, have been employed to noninvasively and passively collect data
within individuals’ real-life environments. This approach allows for long-
term, objective assessment of a patient’s physiological and behavioral status,
providing a valuable complement to conventional psychiatric assessments
that rely on subjective patient recall through clinical scales or interviews'*'".

Numerous studies have leveraged these data from smartphones and
wearable devices to classify individuals with and without depression using
machine learning models, which are particularly adept at handling large
datasets'* ", These approaches have shown promising results, as highlighted
by a recent systematic review of 54 studies'’, when using various data from
wearables and smartphones. For example, data from wearable devices, such
as sleep-wake patterns, step count, and heart rate data were used to develop
machine-learning models classifying individuals with and without a risk of
depression"”. In addition, data collected from smartphones including phone

usage and GPS mobility were utilized to classify a depressed group and a
non-depressed group'®.

Another promising, but more challenging application of this approach,
combining machine learning with wearable technology, is real-time
symptom evaluation'*", particularly in predicting daily mood states or
impending mood episodes in patients with mood disorders. One study, for
example, used sleep/wake patterns, the number of locations visited, and step
counts to predict daily emotional states in patients with mental disorders'*.
Similarly, another study employed a variety of data types, including sleep/
wake patterns, step counts, and light exposure, to accurately predict
impending mood episodes of MDD and BD patients'>*’. While these
models make accurate predictions, however, they require the collection of
various types of data, such as sleep, heart rate, light exposure, phone usage,
and GPS mobility, which limits their application in real life.

In this study, we developed a mood episode prediction model that relies
on individuals’ past mood episode history and sleep-wake data, which can
be collected passively by widespread commercial wearable devices or
smartphones. Specifically, by applying a mathematical model to the sleep-
wake time series from 168 mood disorder patients (429 days on average)
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Fig. 1 | Study framework for predicting mood episodes from sleep pattern
information using machine learning (ML) classification algorithm. a Sleep-wake
pattern data and mood episode period data were collected from 168 patients with
mood disorders. b The sleep-wake pattern data were processed to derive indexes that
capture quantity-related features of the sleep-wake patterns and estimated circadian

rhythms. ¢ These indexes were then utilized as inputs for the ML classification
algorithm, which aimed to classify normal periods and mood episodes. This allowed
us to identify the dependence of mood episodes on sleep and estimated circadian
rhythms.

495 patients initially enrolled in the
original observational cohort

70 patients did not participate in the
wearable device study

T

425 patients participated in the
wearable device study

256 patients did not have at least
30 days of complete sleep record
due to low adherence

|

169 patients provided more than
30 days of complete sleep record

One patient excluded from analysis
due to diagnostic change to the
psychotic disorder during the follow-up

|

168 patients were included
in the final analysis

Fig. 2 | Flow diagram detailing subject inclusion. Among 495 patients who were
initially enrolled in the original cohort study, 168 patients were included in
our study.

(Fig. 1a), we obtained 36 sleep and circadian rhythm features (Fig. 1b). The
significant relationships between these features and mood episodes enabled
us to accurately predict depressive, manic, and hypomanic episodes for the
following day (Fig. 1c), achieving AUC values of 0.80, 0.98, and 0.95,
respectively. Additionally, we found that the circadian phase had the most
pronounced impact on mood episodes: delays and advances in the estimated
circadian phase contributed to depressive and manic episodes, respectively.
Our finding provides new insights into more effective diagnosis and treat-
ment, and sheds light on the intricate relationship between sleep, circadian
rhythm, and mood episodes in mood disorder patients.

Results

Data description

The study included sleep data collected between September 2014 and May
2021 from 168 patients with a minimum of 30 days of complete sleep

records during the clinical follow-up (Fig. 2). Of these 168 patients, 57 (34%)
were diagnosed with MDD, 42 (25%) with BD1, and 69 (41%) with BD2.
The study sample had an age range of 18 to 35 years, including 93 (55%)
females. There were no significant differences in most demographic and
clinical characteristics observed between sexes; however, the prevalence of
eating disorders was higher among females (Supplementary Table 1).
Comorbidities included 8 patients with substance-related disorder, 46
patients with anxiety disorder, 17 patients with obsessive-compulsive dis-
order, and 7 patients with post-traumatic stress disorder. The patients
received treatment as usual, and out of 168, 67 patients received anti-
depressants, 68 patients received lithium, and 106 patients received anti-
psychotics, and some were co-medicated with anticonvulsants, anxiolytics,
or hypnotics. Only 8 patients were being observed without medication.

Their mean Montgomery-Asberg Depression Rating Scale (MADRS)
was 15( £ 11), mean Young Mania Rating Scale (YMRS) was 2( + 3), mean
Composite Scale of Morningness (CSM) was 29.5( £ 7.50), and mean Global
Seasonality Score (GSS) was 5.86 ( + 4.83) for all patients at baseline. During
the clinical follow-up (mean length 587 + 374 days), 108 (64%) patients
experienced mood episode recurrences including 175 depressive episodes,
39 hypomanic episodes, and 21 manic episodes. Comparison between
patients with and without recurrences is summarized in Table 1. The
annualized relapse rate by season for each mood episodes are presented in
Supplementary Table 2. There was no statistically significant uneven sea-
sonal distribution for any mood episode recurrence (for depressive episodes,
X' =546, df =3, p-value=0.14, for manic episodes, y’=0.93, df =3, p-
value = 0.82, and for hypomanic episodes, y* = 5.26, df = 3, p-value = 0.15).
Patients with and without recurrence did not differ in sex, age at baseline, age
of onset, diagnosis of MDD, BDI, or BD2, baseline clinical scales, and
comorbidities. However, patients with recurrences did have a significantly
longer follow-up duration.

Calculation of comprehensive indexes describing sleep and
circadian rhythms

Sleep-wake status time series (Fig. 3a (i)) with an average length of 429 days
(267 days excluding missing data) were collected from 168 mood disorder
patients. From the time series, various daily indexes capturing sleep features
(sleep indexes) were extracted following a previous study by ref. 21. These
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Table 1 | Demographic and baseline clinical characteristics of
patients

Characteristic Patients with Patients without p-value
recurrences recurrences

N (%) 108 (64%) 60 (36%)
Sex, female (n, %) 61 (56%) 32 (53%) 0.69
Ethnicity

Korean (n, %) 108 (100%) 60 (100%)

Age at baseline, 23.2 (3.38) 24.3 (4.24) 0.081
years (mean, SD)

Age of onset, years 17.3 (4.87) 18.8 (5.19) 0.072
(mean, SD)

Durations of clinical ~ 640 (369) 490 (365) 0.012*
follow-up, d
(mean, SD)

Diagnosis (n, %) 0.076

MDD 30 (28%) 27 (45%)

BD1 29 (27%) 13 (22%)

BD2 49 (45%) 20 (33%)

MADRS at baseline  16.4 (11.1) 13.0(10.5) 0.054
(mean, SD)

YMRS at baseline 2.56 (3.29) 2.08 (3.10) 0.36
(mean, SD)

CSM at baseline 28.8 (7.05) 30.6 (8.16) 0.14
(mean, SD)

GSS at baseline 6.31(5.13) 5.07 (4.16) 0.092
(mean, SD)
Comorbidities

Substance use 6 (5.6%) 2 (3.3%) 0.71
disorders

Anxiety disorders 31 (29%) 15 (25%) 0.74

OC related 14 (13%) 3(5.0%) 0.12
disorders

PTSD 6 (5.6%) 1(1.7%) 0.42

Eating disorder 8 (7.4%) 1(1.7%) 0.16

Somatic symptom 2 (1.9%) 2 (3.3%) 0.62

and related disorder

Data are expressed as mean (standard deviation). The p-values are results of two-sample t-test for
two groups comparison, and chi-squared test or fisher’s exact test for sex, diagnosis, and
comorbidities.

MDD major depressive disorder, BD1 bipolar | disorder, BD2 bipolar Il disorder, MADRS
Montgomery—Asberg Depression Rating Scale, YMRS Young Mania Rating Scale, CSM Composite
Scale of Morningness, GSS Global Seasonality Score, OC obsessive-compulsive, PTSD
posttraumatic stress disorder. * p-value < 0.05.

indexes enable the quantification of various sleep structures, such as total
sleep amount, wakefulness after sleep onset, and sleep fragmentation.
Specifically, to quantify the depth of sleep, the coefficient of variation of the
wake amounts at every 10-min interval (sleep amplitude) was calculated
(Fig. 3a (i)). Then, to capture the overall sleep experience, the percentage of
total sleep time (sleep percentage) was calculated (Fig. 3a (ii)). Additionally,
to consider detailed quantitative features of sleep beyond the total amount, a
sleep window was introduced (Fig. 3a (ii) and Supplementary Fig. 1). This
window was constructed by aggregating sleep periods less than an hour
apart while disregarding awakenings and sleep durations under 10 min, and
then categorized as either long or short based on a threshold length of 3.75 h
(Supplementary Fig. 1). This allowed for an effective description of daily
sleep structure by analyzing the number and length of these windows (Long
and Short Num/Len). Furthermore, the actual sleep time (ST) and wake
time (WT) within each window were calculated to evaluate sleep quality
(Long and Short ST/WT). Using these sleep indexes, traditional sleep fea-
tures like total sleep time (TST) and sleep efficiency can be derived, making
explicit incorporation unnecessary.

In addition to the sleep indexes, Katori et al.”' introduced a circadian
rhythm-related index to capture the inter-daily rhythmic pattern of sleep. In
this study, circadian indexes were obtained by fitting a fixed circadian
rhythm trajectory to activity or sleep-wake time series. However, this
method for obtaining daily circadian indexes utilizes daily sleep-wake pat-
tern data separately, overlooking the effect of accumulated sleep patterns on
the circadian rhythm™. To capture the cuamulative changes in the circadian
rhythm, we utilized a circadian pacemaker model incorporating sleep
information in the form of a light profile (Fig. 3a (iii)) following previous
studies™ . This circadian pacemaker model enabled the simulation of the
circadian rhythm of core body temperature (CBT) (Fig. 3a (iv)). The
amplitude of the simulated CBT circadian rhythm referred to as the circa-
dian amplitude, was calculated to express the strength of the circadian
rhythm. Additionally, we estimated the Dim Light Melatonin Onset
(DLMO), a gold standard biomarker of the circadian phase, by subtracting
7h from the minimum point of the CBT circadian rhythm (CBTmin),
which gives an accurate estimation of DLMO even for shift workers™. This
mathematical modeling approach is considered the superior method among
various computational approaches for estimating the circadian phase,
including multiple linear regression models and artificial neural networks™.
As a result, we extracted 10 sleep and 2 circadian indexes to identify sleep
and circadian rhythm features relevant to mood episodes. Furthermore, we
calculated the mean, standard deviation, and Z-score of each index for each
patient to express the inter-daily variation in sleep and circadian rhythm
features for each individual more accurately (Fig. 3b). Thus, in total 36
features were extracted to predict mood episodes (Fig. 3c). Descriptive
statistics for all 36 features are provided in Supplementary Table 3.

Circadian phase Z score is the most significant feature influen-
cing the mood episodes

Out of the 44,787 days, mood episodes occurred during 6955 days. In our
study, episodes were classified into three types: depressive episodes (major
depressive episode, minor depressive episode, or brief depressive episode),
accounting for 12.33% of all observation days; manic episodes, accounting
for 0.63% of all observation days; and hypomanic episodes, accounting for
2.57% of all observation days (Fig. 3b). To check if these three types of
episodes could be predicted using sleep and circadian indexes, we first
analyzed relationships between sleep, circadian rhythms, and mood epi-
sodes by using machine-learning algorithms. We developed three distinct
models to predict each of the three episode types based on Extreme Gradient
Boosting (XGBoost) (Fig. 3b), which has demonstrated its effectiveness in
various medical fields'>"". The XGBoost classifier was trained on the
randomly sampled 80% of the entire dataset to avoid biased results specific
to certain subgroups within the total dataset and tested on the remaining
20% of the data. This approach yielded the AUCs of 0.925, 0.984, and 0.985,
for predicting depressive, manic, and hypomanic episodes, respectively,
indicating a robust dependence of mood episodes on sleep and circadian
rhythm.

To gain deeper insights into this dependency, we conducted an analysis
to identify the most crucial features for mood prediction from the pool of
36 sleep and circadian features. To do this, the feature importance was
evaluated for the prediction model of each episode type (see Methods for
details), and visualized as a heatmap (Fig. 4). In this heatmap, the 36 features
were ranked based on the z-score of the importance in average of all three
(depressive, manic, and hypomanic) episode prediction models, and sorted
by highest rank. The top-ranked features included the Circadian phase Z
score, Circadian amplitude Z score, and the WT Long Z score. This indicates
that individual-level variation of estimated circadian phase, estimated cir-
cadian amplitude, and wake time during a long sleep window is important
for predicting daily mood episodes. In particular, only the Circadian phase Z
score consistently exhibited z-scores of importance above 3 in all episodes.
This indicates that the estimated circadian phase is the most critical factor
for predicting mood episodes. The importance of the circadian phase
was consistent across 10 repeated random sampling trials (Supplementary
Figs. 2, 3, and 4).
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SHAP value analysis reveals the different dependency of
depressive and manic episodes on circadian phase

The feature importance analysis revealed the significant role of Circadian
phase Z score, highlighting its critical contribution to mood episodes. This
finding aligns with previous research that identified the circadian phase as a
major cause of mood change®. Motivated by these insights, we investigated
how circadian phase impacts mood episodes, specifically using the Shapley

Daily mood episodes

additive explanation (SHAP) value™ (see “Methods” for details). In the
depressive episode model (Fig. 5a, 1st column), a large SHAP value was
linked to delayed circadian phase estimates, suggesting that depressive
episodes are more likely to occur when the estimated circadian phase is more
delayed than usual (Fig. 5b). These patterns are clear in MDD (1st raw) and
BD1 (2nd raw) patients while the pattern was less clear in BD2 (3rd raw)
patients. In the manic episode model (Fig. 5a, 2nd column), a large SHAP
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Fig. 3 | Schematic diagrams for feature extraction and data processing. a (i) From
the sleep/wake time series (blue line) collected from mood disorder patients, the
wake amount for every 10 min (w) was obtained. The coefficient of variation of w
(sleep amplitude) was calculated to express the depth of daily sleep. (ii) Using the
sleep/wake time series, the daily fraction of the sleep period (sleep percentage) was
computed. Wake and sleep periods shorter than 10 min were disregarded, and the
remaining sleep periods within 1 h intervals were grouped to form sleep windows
(Supplementary Fig. 1). Each sleep window was classified into long (blue shaded
region) and short (green shaded region) sleep windows based on a length of 3.75 h
(Supplementary Fig. 1). For the long and short sleep windows within each day,
various metrics were calculated, including the number (Num), total length (Len),
sleep time (ST), and wake time (W'T). (iii) As the presence of artificial light exposure
allowed us to assume light profile regardless of day and night time zone, the sleep/

wake time series was converted to a light profile (according to refs. 24,25), which
works by assuming light exposure (light) during wake time and no-light exposure
(dark) during sleep time. (iv) This light profile was utilized as an input signal for a
circadian pacemaker model, which simulates the rhythmic behavior of core body
temperature (CBT, blue line in the box). The amplitude of the simulated CBT
(circadian amplitude) was calculated to represent the strength of the estimated
circadian rhythm. In addition, by subtracting 7 h from the minimum point of the
CBT, the Dim Light Melatonin Onset (DLMO; Circadian phase in the figure), a gold
standard biomarker of the circadian phase was estimated. b The mean (MN),
standard deviation (SD), and Z-scores were calculated for each of 12 daily sleep and
circadian features to account for individual variability. ¢ Consequently, 36 features
were extracted and used to predict daily depressive, manic, and hypomanic episodes
via the XGBoost classification algorithm.

value was linked to advanced circadian phase estimates, implying that
patients face a high risk of experiencing manic episodes when their esti-
mated circadian phase is more advanced than usual (Fig. 5b). However, in
the hypomanic episode model (Fig. 5a, 3rd column), no distinct pattern was
evident. We speculate that this stems from the potential non-monotonic
relationship between the circadian phase and the recurrence of hypomanic
episodes (see Discussion for details).

Mood episodes can be accurately predicted with sleep and
circadian rhythm features
Using feature importance analysis and SHAP value analysis, we confirmed a
strong correlation between sleep/circadian indexes and mood episodes.
Based on this impact, we aimed to determine whether predicting future
episodes using patients’ past sleep and circadian rhythm information is
possible. To do this, we selected a specific 60-day range for each patient
where half of the range represented episodic days, included this range of data
in the training set, and used the data following the training range for testing.
Using the training data consisting of the 60-day ranges, we achieved
AUCs of 0.80, 0.98, and 0.95 for predicting depressive, manic, and hypo-
manic episodes, respectively (Fig. 6a). These promising results encouraged
us to reduce the training set to 30 days. With this reduced training data, we
obtained AUC values of 0.75, 0.98, and 0.95 for depressive, manic, and
hypomanic episodes, respectively (Fig. 6b). While the AUCs for manic and
hypomanic episodes remained high, the substantial decrease in the AUC for
depressive episode prediction (from 0.80 to 0.75) highlights that our model’s
accuracy depends on having sufficient training data. Taken together, by
analyzing sufficient sleep/wake patterns around the time of a patient’s first
mood episode occurrence, subsequent mood episodes can be predicted by
using our models.

The accuracy of prediction models is not due to the medication-
induced changes in circadian phase

The predictability of mood episodes is likely due to their strong dependency
on daily changes in the circadian phase. These changes could be induced by
alterations in medications” ™. For instance, once patients change their
medication types or dose levels to alleviate the severity of mood episodes,
these changes may also affect their circadian phase. If this medication-
induced change in circadian phase played a significant role in the accuracy of
our prediction models, then digital phenotyping based on sleep-wake data is
meaningless and not applicable to patients who do not use or change
medications upon the onset of mood episodes.

To assess the impact of medication changes on our mood episode
prediction models, we tested our model with a new testing set. Specifically,
we constructed testing sets containing data from the patients who did not
change their medication types and dosages after the episode onset. (see
Supplementary Table 4 for more details). In this analysis, we focused on
depressive episodes, as most manic and hypomanic episodes typically
coincide with medication changes; for manic and hypomanic episode, only 1
and 8 episodes belonged to patients who had no medication changes,
respectively.

When this new testing set was used to validate our prediction model
trained using 60-day ranges (Fig. 6a) and 30-day ranges (Fig. 6b), the AUC
value was 0.90 and 0.91, respectively (Supplementary Fig. 5). This high AUC
value demonstrates that the accuracy of our prediction model is not due to
the medication-induced changes in circadian phase.

Discussion

While numerous studies have developed mood prediction models using
various real-world data measured from digital devices, their applicability has
been limited as they required extensive cost and effort to collect the various
types of data, including phone usage, GPS, heart rate, step count, and light
exposure. To overcome this limitation, we developed models that predict
mood episodes only from sleep-wake pattern data. From the sleep-wake
time series of 168 mood disorder patients spanning a total of 44,787 days, we
employed validated sleep indexes capable of expressing various sleep
patterns” and calculated circadian indexes using a mathematical modeling
methodology renowned for its precise circadian phase estimation, even
among shift workers. By utilizing these methods, we acquired compre-
hensive and accurate information on the sleep and circadian rhythms of
mood disorder patients. The robust relationship between these features and
mood episodes allowed us to accurately predict depressive, manic, and
hypomanic episodes with AUCs of 0.80, 0.98, and 0.95, respectively. Fur-
thermore, we found that the circadian phase was the most significant factor
influencing mood episodes. Specifically, depressive episodes occurred more
frequently if the estimated circadian phases were more delayed than usual,
and manic episodes occurred more frequently if the estimated circadian
phases were more advanced than usual.

In our analysis, the circadian phase was identified as the most crucial
feature in predicting mood episodes through feature analysis. Additive
SHAP value analysis revealed that a delayed phase was associated with
depressive episodes, and advanced phase was associated with manic epi-
sodes. This was also shown in the average value of Circadian phase Zscore
across different episode types (Supplementary Table 5). Mood disorders,
including MDD and BD, are widely acknowledged to be strongly linked with
abnormal sleep and circadian rhythms™. Among various types of circadian
rhythm disruption, phase alteration has been reported to be associated with
mood episodes in previous studies. For instance, abrupt changes in sleep
timing resulting from long distance flights can trigger mood episodes™".
Seasonal changes, accompanied by alterations in sunrise time resulting in
circadian phase shifts, are also known to be associated with the clinical
course, including recurrence of mood episodes in both MDD* and BD***".
Furthermore, patients with BD exhibit hypersensitivity to nocturnal light,
which causes a greater delay in sleep™.

The influence of circadian rhythm on mood disorders has also been
identified at the molecular level. Genome-wide association studies have
revealed the association between MDD and BD with clock genes including
NRIDI encoding REV-ERB alpha®. Interestingly, recent experimental
studies employing knock-out mice have identified that the circadian nuclear
receptor REV-ERB alpha serves as a crucial modulator of mood-related
behaviors by regulating dopaminergic and serotonergic levels in the
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Fig. 4 | The estimated circadian phase is the most important feature in mood
episode prediction. a ROC curves of the XGBoost models in predicting depressive
episode (left), manic episode (middle), and hypomanic episode (right). The trained
models predicted the depressive, manic, and hypomanic episode with the AUC
values 0f0.925,0.984, and 0.985, respectively. b A heat map visualizing the Z-score of
feature importance for the prediction models of the depressive episode (1st column),

D: Depressive
M: Manic

manic episode (2nd column), and hypomanic episode (3rd column). In the heatmap,
36 features were ranked based on the Z-scores of importance, and sorted by highest
rank. Among the 36 features, Circadian phase Z score was found to be the most
important feature across all three (depressive, manic, and hypomanic) models with a
Z-score of importance higher than 2 (i.e. the colors marked with pink boxes).

midbrain and dorsal raphe, respectively* . Abnormalities in serotonin
mechanisms among depressed patients are supported by substantial evi-
dence, despite the recent controversies”*’. Furthermore, the dopamine
hypothesis has long been a key theory of the pathophysiology of bipolar
disorder”. Taken together, alterations in the circadian thythm may result in
abnormalities in serotonergic and dopaminergic circuits through alterations
in rhythms of REV-ERB alpha, which play a pivotal role in development of
depressive and manic episodes’” ™.

Notably, the circadian phase utilized in the model was the Z-score of
each individual’s estimated circadian phase distribution. This suggests that
our results reflect within-individual variation in the estimated circadian
phase relative to each patient’s usual phase. Thus, the SHAP value analysis of
the estimated circadian phase (Fig. 5) implies that a delayed or advanced

circadian phase estimate compared to a patient’s usual circadian phase
estimates is associated with depressive or manic episode, respectively.
Consistent with our findings, an association between depression and
delayed phase of sleep and circadian rhythms has been reported. Patients
with depression have delayed circadian rhythms, which are reversed in
recovery ", Bright light therapy in the early morning to advance circadian
phase is the most widely used treatment for seasonal depression, as studies
have shown that the majority of patients with seasonal depression tends to
be phase delayed™. A noteworthy study measuring rhythms of circadian
gene expression and salivary cortisol in patients with bipolar disorder
revealed 4-5h delayed rhythms during their depressive episode, and 7 h
advanced rhythms during manic episodes™. Together, these findings pro-
vide new evidence for an association between circadian phase alterations at

npj Digital Medicine | (2024)7:324


www.nature.com/npjdigitalmed

https://doi.org/10.1038/s41746-024-01333-z

Article
a . .
Circadian phase
Advanced m————————— Delayed
Depressive Manic
.00
MDD
[ 1725-1.00-0.75-0.50-0.25 0.00 0.25 0.50 0.75
SHAP value
I NN [ [ ] © GE_—
BD1 o owmeee .
-1.00 -0.75 -0.50 -0.25 0.00 0.25 0.50 10 05 00 05 10 15 20|-25 20 -1.5 10 -05 0.0 05 10 15
SHAP value SHAP value SHAP value
BD2 - -
1225 -1.00-0.75-0.50-0.25 0.00 0.25 0.50 -20 15 -10 -05 00 05 10 15
SHAP value SHAP value
wood episogg

Advanced

Fig. 5 | Depressive and manic episodes are associated with delayed and advanced
circadian phase estimates, respectively. a Shapley additive explanation (SHAP)
values of the Circadian phase Z score. Each dot in the plot represents a daily sample,
with red and blue colors indicating high and low values of the Circadian phase Z
score (i.e. delayed and advanced circadian phase estimates than usual), respectively.
A higher SHAP value indicates a greater probability of mood episode occurrence.
Major depressive disorder (MDD; 1st row) and bipolar-I disorder (BD1; 2nd row)

Usual

Daily circadian phase

Delayed

patients face a higher risk of experiencing depressive episodes (the 1st column) when
their estimated circadian phase is delayed more than their own standards. Con-
versely, BD1 patients tend to experience manic episodes (the 2nd column) when they
exhibit advanced circadian phase estimates compared to their own standards.

b Schematic figure summarizing the dependency of mood episode on the estimated
circadian phase. Delayed and advanced daily circadian phase estimates are linked
with daily depressive and manic episodes.

the within-individual level and mood episodes, specifically, delayed circa-
dian phase with depression and advanced circadian phase with mania.
Even though our analysis manifests the contribution of circadian phase
on depressive and manic episodes, the patterns observed in the SHAP value
analysis for hypomanic episodes were less clear despite the high AUC value
in predicting hypomanic episodes. This suggests the presence of a non-
monotonic relationship between hypomanic episodes and the circadian

phase, considering that SHAP value analysis tends to highlight monotonic
relationships as observed in depressive and manic episodes, while the
XGBoost can detect non-monotonic relationships and incorporate them in
the prediction. This non-monotonic relationship may originate from the
fact that the relationship with circadian phase disturbances can be different
depending on the types of hypomanic episodes, which include classic
hypomania and mixed hypomania. Classic hypomania is traditionally
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Fig. 6 | The models can accurately predict mood episodes given sufficient
training data. ROC curves of XGBoost models trained with a specific 60-day or 30-
day range. a Using the training data consisting of 60 days of data for each patient, we
achieved AUCs of 0.80, 0.98, and 0.95 for depressive, manic, and hypomanic

episodes, respectively. b With the training data consisting of 30 days of data for each
patient, we achieved AUCs of 0.75, 0.98, and 0.95 for depressive, manic, and
hypomanic episodes, respectively.

characterized by a state of euphoric overactivity™, in contrast, several
studies on the clinical course of BD2 patients have documented aty-
pical forms of hypomania, referred to by various terms such as dys-
phoric hypomania®, mixed hypomania®, and depressive mixed
states”. These atypical presentations of hypomania share diagnostic
criteria with classic euphoric hypomania, but manifest with con-
trasting symptoms™. Depending on the specific definitions used in
these studies, the frequency of atypical hypomania has been reported
to range from 17%"° to 57%". Indeed, 20 out of the total 39 hypomanic
episodes within our sample were diagnosed with mixed specifier. This
potentially leads to a relatively high heterogeneity in circadian phase
during hypomanic episodes, as demonstrated by the interquartile
range of estimated circadian phases: 2.5h for depressive episodes,
2.3 h for manic episodes, 5.1 h for hypomanic episodes, and 2.3 h for
inter-episode periods. Therefore, varied diagnostic characteristics of
hypomania may distort the monotonic relationship between the cir-
cadian phase and hypomanic episodes, consequently blurring the
pattern of the SHAP values of the hypomanic episode prediction
model (Fig. 5a). Nonetheless, further evidence on circadian rhythm
disturbances in hypomanic episodes is necessary to support this
interpretation convincingly.

Our prediction models based on comprehensive sleep and circadian
indexes provide a new direction in the diagnosis and treatment of mood
episodes. Previously, mood states of both MDD and BD patients have been

predicted using various features from digital devices, including sleep, heart
rate, light exposure, phone usage, and GPS data'®"****. However, some
types of data, such as phone usage or GPS data can raise a privacy issue, as
they are private data®. Furthermore, the large volume of collected data may
present a challenge for secure storage, statistical analysis, and clinical
application”. Instead, our models only require sleep-wake pattern data,
which can be collected passively and easily through smartphones or wear-
able devices. We speculate that this difference stems from our approach to
calculating predictors (i.e. sleep and circadian indexes). Previously, sleep-
related predictors were usually simple features of sleep, such as length and
efficiency, which cannot fully capture the individual’s sleep phenotype.
Instead, we used comprehensive sleep features that demonstrated its ability
to classify various sleep phenotypes’. In addition, by utilizing the mathe-
matical model, we could successfully estimate the circadian rhythm only
from the binary sleep data, while circadian rhythms have been primarily
estimated by fitting additional continuous data, such as heart rate and step
count. As a result, our model requires only sleep-wake data to predict the
mood episodes, enhancing its applicability in real life. For example, as we
can track our sleep records through smartphones or wearable devices, the
appropriate sleep pattern for an individual to avoid mood episode occur-
rence can be recommended by the smartphone application (app). Indeed,
the recommendation of sleep patterns, which aims to increase alertness
during daytime activities, has been made possible by analyzing sleep-wake
pattern data on a smartphone app™. Similarly, if we can develop an app that
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recommends sleep patterns to avoid mood episodes®®, then mood disorder

treatments without hospitalization are made feasible by leveraging sleep
pattern information.

Despite the novelty of our model, there are some limitations. One
constraint of our mood episode prediction models is their reliance on sleep
patterns a mere day in advance, which leads to the allocation of a single day
to prepare for impending mood episodes. Although one day may be a short
period for thorough and effective preparation, our models can still assist in
patient treatment. Specifically, as our models predict the probability of
mood episodes every day (Supplementary Fig. 6), we can apply digital
therapeutics to evaluate the daily risk of mood episode relapse and give daily
reminders of healthy sleep-wake cycles and circadian rhythms in a con-
tinuous routine, consequently enhancing the effective prevention and
management of mood disorders. Despite this effectiveness, another lim-
itation of our model comes from the fact that we overlooked individual
variability in the dependency of mood episode on sleep and circadian
rhythm. For example, while for a majority of patients’ mood episodes
strongly depend on circadian phase, for some patients mood episodes
depend on other sleep features, such as sleep duration or sleep window
number. To address this limitation, future studies that investigate the
individualized dependency of mood episodes on sleep and circadian rhythm
are needed. This approach may lead to the development of more precise
prediction models tailored to the individual thereby enhancing the effi-
ciency of mood episode monitoring. Lastly, circadian variables, including
circadian phase and circadian amplitude, were not experimentally mea-
sured, but derived from the estimated circadian rhythm, which was simu-
lated using the mathematical model. This method is acknowledged as the
most effective approach among various computational approaches for
estimating circadian phase in field settings™, such as multiple linear
regression models and artificial neural networks, and has been widely
accepted in previous studies™***”*. Despite this effectiveness, it inherently
introduces the estimation error. This error could potentially reduce the
accuracy of our model and disrupt the robust analysis of the interplay
between mood episodes and circadian rhythms. Therefore, future studies
employing more accurate circadian variables have the potential to improve
our prediction models and strengthen the analysis of the intricate rela-
tionship between mood episodes and circadian rhythms.

Additionally, it is important to recognize other limitations present in
our study methodologies. Firstly, only a subset of patients with high com-
pliance to wearable devices was included in the analysis, which may have
limited the representativeness of the sample. Furthermore, as this study was
observational in nature, the relationship between sleep/circadian rhythms
and mood episode relapse cannot exclude the influence of medication use.
Considering that the use of medication may affect the circadian rhythm and
trigger mood change as well’>™, further research controlling for the effects
of medication is needed to elucidate the relationship between sleep/circa-
dian rhythm and mood episodes observed in this study. Lastly, the device
used for sleep measurement in this study, Fitbit, is known to overestimate
the TST and underestimate the wake-after-sleep onset (WASO) in its older
generation compared to polysomnography (PSG)’*”, which is considered
the gold standard for sleep measurement. However, recent validation studies
with newer generation models of Fitbit, including the model we utilized,
have reported considerable accuracy for measuring TST, WASO, and sleep
efficiency compared to PSG, despite the underestimation of sleep onset
latency (SOL)"*”* and imprecise detection of daytime naps”. Importantly,
PSG can only measure one night’s sleep in the sleep laboratory and is costly,
whereas wearable devices like Fitbit can longitudinally measure full daily
sleep patterns including daytime sleep, over several years. Therefore, the
utilization of wearable devices such as Fitbit was inevitable considering that
the objective of this study was to predict mood episodes using longitudinal
sleep data measured through cost-effective and readily accessible devices
suitable for clinical settings. Nonetheless, additional validation of sleep
measurement accuracy in current Fitbit models within the psychiatric
patient population is warranted. Furthermore, enhancing the accuracy of
mood episode prediction models with more accurate measurements of

sleep, such as a precise detection of daytime naps offers a promising avenue
for future research.

Methods

Study cohort

The data for this study was acquired from the Mood Disorder Cohort
Research Consortium (MDCRC), a multicenter prospective observational
cohort study (ClinicalTrials.gov, NCT03088657, 2017-3-23)%. In the ori-
ginal cohort, 495 patients diagnosed with mood disorders (MDD = 166,
BD1 = 149, BD2 = 180) according to Diagnostic and Statistical Manual of
Mental Disorders, Fifth Edition (DSM-5) were recruited from March 2015
to April 2019 in South Korea. All participants were of Korean ethnicity. The
inclusion criteria for this study was defined as individuals under age of 35
who had been treated for less than two years for mood disorders (MDD,
BDI, and BDII), or individuals under the age of 25 who had been diagnosed
with mood disorders. Exclusion criteria included evidence of intellectual
disabilities, organic brain injury, or difficulties with the Korean language.
The main purpose of the MDCRC study was to investigate clinical char-
acteristics, course, and prognosis, as well as assess the risk factors or pre-
ventive factors associated with relapse or recovery or diagnostic conversion
from unipolar depressive disorder to bipolar targeting early-onset mood
disorders. To achieve this objective, the study was designed to recruit
patients in the early stages of mood disorders, as outlined in the inclusion
criteria above. The observation period of the study was intended to be as
long as possible, rather than being predetermined. Patients were receiving
treatment as usual, with a majority on medications, and this study did not
affect their ongoing treatment. The study was approved by the Institutional
Review Boards of all participating hospitals: Korea University Hospital,
Seoul National University Hospital, Seoul National University Bundang
Hospital, Samsung Medical Center, Severance Hospital, Pusan National
University Hospital, Gyeongsang National University Hospital, Cheonnam
National University Hospital, and the National Center for Mental Health
(2015AN0239), and was conducted in accordance with the Declaration of
Helsinki. Written informed consent was obtained from all participating
patients prior to enrollment, after receiving full explanations of the study.

Assessment

In the MDCRC study, patient assessments were conducted at the initial
recruitment and every 12 weeks thereafter. At baseline, patients were
diagnosed by a psychiatrist using the Mini-International Nueropsychiatric
Interview (MINI), and their baseline depressive and manic symptoms are
assessed through MADRS and Young Mania Rating Scale (YMRS),
respectively. The baseline circadian preference and seasonality of patients
was assessed through Composite Scale of Morningness (CSM) and Seasonal
Pattern Assessment Questionnaire (SPAQ). Global seasonality score (GSS),
included in SPAQ, is a screening tool for seasonality, with a cutoff point of 11
or higher®'. Follow-up assessments were scheduled every 12 weeks from the
baseline assessment. During the follow-up assessment, the medications that
patients were taking at the time were recorded, and a trained psychiatrist
assessed the presence of mood episode recurrence in the inter-visit period.
Mood episodes are classified as major depressive episode, minor depressive
episode (depressive episode with insufficient symptoms in DSM-5)*, brief
depressive episode (short-duration depressive episode in DSM-5)*, manic
episode, and hypomanic episode. Following the remission of an episode, the
onset and offset of each mood episode are documented. Furthermore,
participants in the optional wearable device study (Fitbit Charge HR, 2 or 3,
Fitbit Inc.) were requested to wear the device on their non-dominant wrist
throughout the follow-up period.

Participants

Out of the 495 patients initially included in the MDCRC study, 425 patients
participated in an optional add-on study with a wearable device (Fitbit
Charge HR, 2 or 3, Fitbit Inc.), and 169 patients had a complete sleep record
of more than 30 days during their clinical follow-up. One patient was
excluded due to a change in diagnosis to psychotic disorder during the
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follow-up. The final analysis included 168 patients (Fig. 2). As the MDCRC
study was designed as an open cohort, baseline and last assessment varied
for all patients. The analysis involved sleep records between baseline and the
last follow-up assessment, with the mood episodes documented during the
clinical follow-up period of each patient.

Sleep and circadian indexes extraction

The sleep indexes were calculated from the sleep periods detected by Fitbit’s
algorithm, which automatically records the sleep periods longer than an
hour while necessitating the manual recording for daytime naps shorter
than an hour. From these sleep records, we quantified the comprehensive
information on sleep patterns. Specifically, we calculated sleep indexes
referred to Katori et al.”". Calculation of sleep indexes starts with defining the
sleep windows, which represent the comprehensive sleep period (Supple-
mentary Fig. 1a). These sleep windows were constructed by changing wake
and sleep episodes with a duration of less than 10 min to sleep and wake,
respectively (Supplementary Fig. 1a). Additionally, if the time between two
sleep windows is less than 1 h, two windows were aggregated to form a more
comprehensive sleep window (Supplementary Fig. 1a). These sleep win-
dows were then categorized as either long or short based on the threshold
length of 3.75h. The threshold length (i.e. 3.75h) was determined con-
sidering the bimodal distribution of the length of the sleep windows (Sup-
plementary Fig. 1b). By calculating the number and the length of sleep
windows for each day, we can make an effective description of daily sleep
structure. However, because the main sleep at night time spans two days, we
need to assign a date to each sleep window (Supplementary Fig. 1c). Here, it
was defined based on the nearest midnight of the midpoint of the sleep
window. For example, if the midpoint is 9 A.M. on January 1st, the date of
this sleep window was considered as January 1*. On the other hand, if the
midpoint is 9 P.M. on January 1st, the date of this sleep window was con-
sidered as January 2nd.

To extract the circadian rhythm information, we employed the
mathematical model which simulates the circadian rhythm of the core body
temperature in response to the light input. It is recognized that this math-
ematical modeling approach can estimate the circadian phase accurately,
even for shift workers. To do this, we inferred the light information by sleep-
wake time series data. In our study, the light profile was assumed to be
250 lux when awake and 0 lux when sleeping, as in previous studies™*. As
this light profile is primarily affected by the artificial light in modern society,
a seasonal pattern was not found in the estimated circadian phase (Sup-
plementary Table 6).

Training process of the XGBoost prediction model

For the feature analyses (i.e. feature importance analysis and SHAP value
analysis), prediction model was trained with 80% of the data and tested with
20% of the data. Here, the dataset contains samples of all patients (i.e. we
aggregated the data of 168 patients). This data was split so that the training
and test sets have the same proportions of mood episodes. Training of the
XGBoost model requires various hyperparameters including a maximum of
depth and number of the trees. Considering the impacts of these hyper-
parameters on the performance of the trained model, it is crucial to carefully
choose these hyperparameters. To do this, we utilized Bayesian optimiza-
tion, which suggests a set of hyperparameters iteratively, to optimize the
objective function®’. In our study, the objective function was AUC, the
performance measure which was used to test the model. AUC values for
each corresponding hyperparameter set were fivefold cross-validated.
Specifically, the training data was split into five different subsets. These
subsets were used to form five different train-test pairs, with each of the five
subsets serving as the test set once. Then, from these five train-test pairs, the
average AUC values were calculated. Depending on these average AUC
values, we selected the best combination of hyperparameters (ie. the
combination with the highest AUC value) among 30 different combina-
tions, and this combination of the hyperparameters was utilized to train the
final XGBoost model with 80% of the data. This final model was tested with
the remaining 20% of the data, which was not used to train the model.

Hyperparameters used to train the models are provided in Supplementary
Table 7.

Feature importance analysis

To identify the most critical features to predict mood episodes, we harnessed
the inherent capability of XGBoost to determine feature importance during
the training process. As a tree-based model, XGBoost progressively
divides the training data based on different features and assigns values to
each data subgroup. As a result, certain features are frequently utilized to
split the data, while others are rarely employed. Although continuous fea-
tures are generally favored over discrete features in this process”, it’s
important to note that the majority of the features in our study are con-
tinuous (excluding the sleep window number). Therefore, the most fre-
quently used feature can be seen as the most important feature for predicting
episodes. Considering this, we used the “weight,” which denotes the number
of times a feature splits the data, to evaluate feature importance.

SHAP value analysis

To gain deeper insight into the dependence of mood episode on sleep and
estimated circadian rhythm, we checked the importance of each feature on
mood episode prediction. Even though we found that the circadian phase is
the most important feature in predicting mood episodes, it is still unclear
whether the delayed or advanced circadian phase contributes to the
occurrence of mood episodes. To address this problem, we employed SHAP
value analysis™'. The SHAP value measures the impact of a particular feature
value on the model output by using a game theoretical approach. By
comparing the model output with and without a particular feature, the
impact of that particular feature can be quantified. For example, we can
predict the mood episode with the ‘ST Short MN’ feature, and without the
‘ST Short MN’ feature. If the difference between the two predictions is high,
it means that the ‘ST short MN’ feature has a high impact on the model
output. Considering the change of this difference depending on the com-
bination of other variables (i.e. all variables except ST Short MN), the SHAP
value represents these differences in the average of possible combinations of
remaining variables. In our case, higher SHAP values indicate a greater
probability of episode occurrence. Thus, by analyzing the connection
between SHAP values and feature values, we could investigate whether
increases in feature values positively or negatively affect mood episode
occurrence.

Making training sets consists of 60-day or 30-day ranges

While feature analyses were conducted using models trained on a randomly
sampled 80% of the entire dataset, prediction accuracy was assessed using
models trained on a more targeted training set consisting of a specific 60-day
or 30-day range for each patient. This range was selected to ensure that half
of the period occurred during a mood episode. Specifically, we identified the
first point where the 60-day (or 30-day) window included 30 (or 15) episode
days by moving the window forward from the start of the data. If no such
point existed, we used the 60-day (or 30-day) window with the highest
number of episode days. By aggregating these windows across all patients,
we compiled the final training set. The training process for the XGBoost
model was identical to that of the random split approach. The trained model
was tested on the dataset containing data collected after the specific range
used in the training set.

Quantification and statistical analysis

Two-sample t-test and Chi-squared test on demographic and clinical
characteristics were conducted by R version 4.2.2. We calculated annualized
relapse rate for each season with counts of relapses as numerator and
season-specific person-years of observation as denominator and 95% con-
fidence interval for depressive, manic, and hypomanic episodes with the
Poisson distribution. To analyze the seasonal patterns in mood episode
recurrences, comparison between the observed and expected numbers of
relapses for each season was conducted through the Chi-squared test. The
expected numbers of relapses defined as > relapses X Yseason/2_ Yseason Where
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Vseason 18 the annualized observation time in each season. The meteorological
seasons were defined as follows: spring (March-May), summer
(June-August), fall (September-November), and winter
(December-February), given that South Korea is located in the Northern
hemisphere.

All the sleep indexes were calculated by R version 4.2.1. The simulation
of the mathematical model, which is necessary to estimate the circadian
phase, was simulated by an ode15s solver in MATLAB. Split of train and test
data was performed by the “train_test_split” package for Python. Training
and testing of the XGBoost model and feature importance analysis were
performed by the “xgboost” package for Python. Tuning of the hyper-
parameter of the XGBoost was performed by ‘bayes_opt’ package for
Python. SHAP value analysis was performed by “shap” package for Python.

Data availability

The MDCRC data are not deposited into a public repository due to multi-
site partnership agreements and conditions for Institutional Review Board
approval. The MDCRC data are routinely made available through sub-
mission and approval from the cohort executive committee. The access to
the data was facilitated by one of the corresponding authors of this study, HJ
Lee, who served as a principal investigator of the MDCRC study.

Code availability

The trained XGBoost models and code for implementing these models are
publicly available at GitHub (https://github.com/mcqeen1207/mood_
ml.git).
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