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Abstract

Background: Effective treatment of bipolar disorder (BD) requires prompt
response to mood episodes. Preliminary studies suggest that predictions based
on passive sensor data from personal digital devices can accurately detect
mood episodes (e.g., between routine care appointments), but studies to date
do not use methods designed for broad application. This study evaluated
whether a novel, personalized machine learning approach, trained entirely on
passive Fitbit data, with limited data filtering could accurately detect mood
symptomatology in BD patients.

Methods: We analyzed data from 54 adults with BD, who wore Fitbits and
completed bi-weekly self-report measures for 9 months. We applied machine
learning (ML) models to Fitbit data aggregated over two-week observation win-
dows to detect occurrences of depressive and (hypo)manic symptomatology,
which were defined as two-week windows with scores above established clini-
cal cutoffs for the Patient Health Questionnaire-8 (PHQ-8) and Altman Self-
Rating Mania Scale (ASRM) respectively.

Results: As hypothesized, among several ML algorithms, Binary Mixed Model
(BiMM) forest achieved the highest area under the receiver operating curve
(ROC-AUC) in the validation process. In the testing set, the ROC-AUC was
86.0% for depression and 85.2% for (hypo)mania. Using optimized thresholds
calculated with Youden's J statistic, predictive accuracy was 80.1% for depres-
sion (sensitivity of 71.2% and specificity of 85.6%) and 89.1% for (hypo)mania
(sensitivity of 80.0% and specificity of 90.1%).

Conclusion: We achieved sound performance in detecting mood symptom-
atology in BD patients using methods designed for broad application. Findings
expand upon evidence that Fitbit data can produce accurate mood symptom-
atology predictions. Additionally, to the best of our knowledge, this represents
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1 | INTRODUCTION

Bipolar Disorder (BD) is a chronic, severe psychiatric dis-
order that causes extreme mood swings. Typically,
patients with BD see periods of remission followed by
onset of new mood episodes (depression, hypomania, or
mania)."”” Most BD patients experience changes in symp-
tom severity or polarity at least 3 times per year.” BD
treatment focuses on limiting occurrence and severity of
mood episodes,”’ as these episodes cause significant
emotional suffering and are often detrimental to patients'
relationships, work, and health.””® The rate of mood epi-
sode recurrence (e.g., the number of mood episodes over
the course of illness) is associated with declining cogni-
tive and functional trajectories.'®** Additionally, rapid
cycling (four or more episodes of depression or mania in
1 year) is underrecognized'* and associated with worse
functional trajectory.'® Accurate mood episode detection
tools could be used to inform personalized interventions
aimed at limiting episode severity and duration to
improve functional trajectory.

Digital phenotyping—defined as “the moment-
by-moment quantification of the individual-level human
phenotype in situ using data from personal digital
devices”'°*—offers a potential avenue for early detection
of mood episodes in BD patients. Given the increasing
use of personal digital devices, such as smartphones and
smartwatches, it is now feasible to seamlessly collect and
communicate biobehavioral information on a variety of
indicators of mood episodes, such as sleep patterns, daily
activity, and heart rate."’

Digital phenotyping research in BD is a relatively
young field: initial findings are promising, but they need
to be replicated and methodological challenges need to
be addressed.'® To date, many studies on bipolar disorder
have found that a wide array of passively collected data—
such as data on movement, sleep, heart rate, geolocation,
electrodermal activity, voice features, and keyboard
metadata—are meaningfully associated with BD symp-
toms and diagnosis.'®?' To date these studies suggest
that passive sensor data can be used to identify individ-
uals with BD (as opposed to major depressive disorder
and healthy controls),”*** to characterize differences

the first application of BiMM forest for mood symptomatology prediction.
Overall, results move the field a step toward personalized algorithms suitable
for the full population of patients, rather than only those with high compli-
ance, access to specialized devices, or willingness to share invasive data.

bipolar disorder, digital phenotyping, machine learning, prediction, wearable devices

Significant outcomes

« Using noninvasive data from Fitbit devices and
a low rate of data filtering, occurrence of
clinically-significant depression could be
detected with 80.1% accuracy and occurrence
of clinically-significant manic symptoms could
be detected with 89.1% accuracy.

« The BiMM forest machine learning algorithm,
which is designed for applications in precision
medicine, outperformed other common
machine learning approaches to mood symp-
tomatology prediction.

Limitations

« While our dataset was a reasonable size given
comparative studies in the literature, replica-
tions with larger datasets and other methods of
testing internal and external validity are
important.

« As with any outcome variables (PHQ-8 and
ASRM) carry their own error rate. Much like
the application of these measures in routine
care, our predictions would be a signal of util-
ity of follow-up rather than a definitive diag-
nostic tool.

» Despite the use of sophisticated imputation
methods to reduce data filtering, we still had to
exclude 11 participants from our sample owing
to dropping out or insufficient data. This is a
much lower rate of filtering than other similar
studies, but creative approaches to further lim-
iting filtering will be important.

between different mood states within BD,*"** and to pre-
dict mood state (i.e., occurrence of clinically significant
mood symptomatology).>®3>34

Among the research focused on detecting mood state
using passively collected wearable and smartphone data,
several methodological challenges have been barriers to

850807 SUOWIWOD aAeID 3|cedljdde aup Aq peusenob ase e YO 88N JO Se|nJ 10y ArIqiT8UIUO /8|1 UO (SUOTPUCO-pUR-SLUB) 0D A8 | 1M ATeJq 1 Bul [UO//:SANY) SUORIPUOD pue Swid | 841 89S *[¢Z0zZ/0T/7T] uo ArigiTauluo 4811 ‘a1 peAreH AiseAlun preAeH Aq G9/€T'sdoe/TTTT 0T/I0p/u00 A8 | Areiq1pul|uoy/Sdny Wo.j papeojumod ‘0 ‘Li70009T



LIPSCHITZ ET AL.

in-clinic application.'®*' First, monitoring periods have
typically been on the order of weeks rather than
months* and sample sizes have been small, risking over-
fitting and poor replication in clinical samples.*"*' Sec-
ond, many studies involve using “active” data—self-
report questions filled out by patients typically on a daily
basis—as input to enhance accuracy of predictions.
Requiring active data for predictions increases patient
burden and, therefore, reduces the feasibility of applying
these methods in real-world clinical settings. Third, many
studies involve invasive types of passive sensor data, such
as data that requires permissions to a patient's smart-
phone or involves voice features, smartphone keyboard
interaction dynamics, and geolocation. Privacy concerns
have often been noted as a major drawback to adopting
patient-facing, digital, clinical tools.** ** Thus, algorithms
with this type of data may be infeasible to implement in
actual treatment settings. Finally, many of the above
referenced digital phenotyping studies utilized wearable
devices that are uncomfortable or unfashionable to wear
(e.g., chest straps) or prohibitively expensive
(e.g., Empatica E4). These types of devices are not
designed to be appealing for users to wear on a daily basis
over years of treatment. While predictions based on these
data sources may be accurate, implementation of mood
prediction algorithms that require these types of devices
are not likely to be acceptable to patients.

Among the most promising digital phenotyping stud-
ies for predicting mood state—those with long monitor-
ing periods; adequate sample sizes; no active input data
included in predictive algorithms; noninvasive data;
mainstream data collection devices; and high accuracy—
practices for handling missing data have been an issue.
For example, Cho et al.*® used only days with complete
data in their predictions, which translated to filtering out
over 88% of their data. Lee et al.*® utilized imputation
methods to reduce data filtering, but still excluded almost
half (45.5%) of their sample owing to insufficient data.
While both studies represent important progress in the
application of digital phenotyping to mood disorders,
methods that rely on a level of data capture that cannot
be met in half of patients have limited real-world utility
and resulting algorithms produced may be biased toward
compliant patients.

In this study, we aimed to evaluate whether non-
invasive, entirely passive data streams collected from
widely-used, commercially-available Fitbit devices could
be used to accurately detect mood episodes in BD based
on 9 months of monitoring. To this end, we focused on
data features related to sleep, physical movement, and
heart rate. We employed imputation methods to manage
missing data to limit data filtering. We then evaluated
the performance of advanced machine learning
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(ML) algorithms aimed at detecting clinically significant
symptoms of depression and mania/hypomania in two-
week intervals over a 9-month monitoring period.

2 | MATERIALS AND METHODS

2.1 | Participants and recruitment
For this cohort study, participants were recruited from an
ongoing longitudinal study of cognitive and psychosocial
functioning in BD approved by Brigham and Women's
Hospital's Institutional Review Board. Participants for
the longitudinal study were recruited via hospital list-
servs, patient registries, and other ongoing studies of
BD. All participants enrolled in the longitudinal study
between November 1, 2020 and June 12, 2023 were
invited to participate in the digital phenotyping investiga-
tion and the study team obtained informed consent from
interested participants.

Detailed eligibility criteria are provided in Table 1. Of
note, the longitudinal study from which participants for
this investigation were recruited, the parent study,

TABLE 1 Eligibility criteria for parent study.

Inclusion criteria Exclusion criteria

1. Age 18-68 1. History of central nervous
system trauma (including
concussion with known loss
of consciousness >1 minute)

2. BD I or II diagnosis per 2. Any diagnosed neurological
the Structured Clinical disorder
Interview for DSM-5
(SCID-5)

3. Attention deficit
hyperactivity disorder that
was diagnosed and treated
in childhood (prior to onset
of BD) or known learning
disability

4. Current diagnosis of mild
cognitive impairment or
dementia

5. Substance use disorder (per
SCID-5) within 3 months

6. Active, unstable medical
problem that may interfere
with cognition

7. Electroconvulsive therapy in
the past year

Abbreviation: DSM-5, diagnostic and statistical manual of mental disorders,
Fifth Edition.
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Participants with study visits in

\4

longitudinal study during

recruitment period (n=81)

Participants who opted out of the Fitbit study (n=16):
Not interested (n=7)
Actively using a different fitness tracker (n=5)
Occupational/recreational restrictions (n=2)
Incompatible Phone Operating System (n=1)
In a different Fitbit study (n=1)

FIGURE 1 Study sample flowchart.

Recruitment & Eligibility

Participants consented to Fitbit

\4

Participants with insufficient data for analyses (n=11):

study (n = 65) Dropped out before 10 self-report assessments (n=2)
— Insufficient Fitbit Data (n=4)
l Did not accumulate > 9 self-report assessments prior

to data pull for analyses (n=5)

Total participants included in

analyses (n=54)

| Inclusion

involved evaluation of cognitive functioning in BD and
this goal is reflected in the eligibility criteria. The parent
study entailed study visits every 9 months. Participants
were enrolled in the Fitbit sub-study at either baseline-,
9-month- or 18-month- study visits for the parent study.
Figure 1 provides details on enrollment, including rea-
sons for not enrolling and reasons for not being included
in the final data analysis.

2.2 | Procedures

Participants opting to engage in the digital phenotyping
study were given a Fitbit device to wear continuously for
9 months. Fitbit devices were used owing to high practi-
cality for implementation in routine care and previously
documented validity across key metrics of interest
(defined in Table 2).*°** Additionally, since we were pri-
marily interested in intra-individual variation, biological
accuracy of metrics offered by Fitbit were less important
than consistency in terms of how these metrics were gen-
erated. Participants were also asked to complete self-
report measures via REDCap on a bi-weekly basis during
the 9-month monitoring period. These included the
Patient Health Questionnaire-8 (PHQ-8),* which mea-
sures severity of depression symptoms, and the Altman
Self-Rating Mania Scale (ASRM),” which measures
severity of manic symptoms. Participants were reim-
bursed up to $10 per week for compliance with the study
protocol, including wearing the charged Fitbit >75% of
the time and completing assigned self-report measures.

2.3 | Outcomes

We focused on predicting clinically significant symptoms
of depression and mania as determined by self-report

data collected at bi-weekly intervals. Binary variables
were created for each timepoint, based on whether a par-
ticipant's score on the PHQ-8 and ASRM respectively was
over established clinical cutoff values. Cutoff values were
PHQ-8 > 10 (indicating probable depressive episode at

that timepoint)® and ASRM > 6 (indicating probable

manic or hypomanic episode at that timepoint, hereafter
referred to as (hypo)mania).>

2.4 | Features for the prediction model
The Fitbit Inspire was used to collect sleep, activity, and
heart rate data continuously during the monitoring
period. Fitbits collect a wide range of data on these con-
structs, but only a select set of features expected to have
predictive utility were included in our prediction models.
These features are labeled and defined in Table 2.

2.5 | Data Preprocessing
We sought to include all participants who had been
enrolled in the study long enough to complete at least
24 weeks of their monitoring period at the time of the
data pull (N = 65). As indicated in Figure 1, we applied
limited filtering criteria to exclude participants with
insufficient data. Specifically, we excluded two partici-
pants who dropped out of the study. We also excluded
participants who had completed fewer than 10 self-report
assessments at the time of data extraction (n =>5).
Finally, we excluded participants with no data at all on
more than 65% of the days in the Fitbit monitoring win-
dow (n = 4).

Among the 54 patients included in analyses, we
imputed values for missing Fitbit data. Missingness was
defined by the presence of missing intervals >1 h in the
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TABLE 2

Feature label Description

Summary of Fitbit data input features included in prediction models.

Mean (SD)

Step count Average number of steps taken per day during the observation window. 6631.75 (3585.15)
Sedentary Average number of minutes spent sedentary per day during the observation window. 727.38 (182.38)
minutes

Very active Average number of minutes with a metabolic equivalent of task (MET) > 6 per day during the 14.92 (17.50)
minutes observation window.

Heart rate Daily heart rate value averaged over the observation window. 78.42 (7.62)
Resting heart ~ Daily resting heart rate value averaged over the observation window. 69.38 (7.96)

rate

Total sleep

Total number of minutes classified as being asleep per night averaged over the observation window

430.95 (81.10)

time excluding nights without sleep. This metric does not include nights without any sleep.

Sleep 100 * [minutes asleep/(time in bed — minutes after waking up before user changes their device out 92.27 (7.13)

efficiency of sleep mode)] per night averaged over the observation window.

score

Deep sleep Number of distinct periods of deep sleep each night averaged over the observation window. 3.61 (0.83)

count

Deep sleep Number of minutes classified as being in deep sleep each night averaged over the observation 72.80 (19.37)

duration window.

Deep sleep Percent of total sleep time (from falling asleep at the beginning of the night to waking up at the 0.17 (0.04)

percent end of the night) spent in deep sleep each night averaged over the observation window.

REM sleep Number of distinct REM periods each night averaged over the observation window. 6.79 (2.08)

count

REM sleep Number of minutes classified as being in REM sleep each night averaged over the observation 88.83 (23.93)

duration window.

REM percent  Percent of total sleep time (from falling asleep at the beginning of the night to waking up at the 0.20 (0.04)
end of the night) spent in REM sleep each night averaged over the observation window.

Awakenings Number of distinct awake periods during the sleep stages record each night averaged over the 22.82 (6.64)

count observation window.

Awakenings Number of minutes classified as being awake during the sleep stages record each night averaged 57.11 (17.15)

duration over the observation window.

Awakenings Percent of total sleep time (from falling asleep at the beginning of the night to waking up at the 0.11 (0.02)

percent end of the night) spent awake each night averaged over the observation window.

Median Median bedtime during the observation window. Bedtime was recoded such that 6 pm = 0 and 5.53 (1.62)

bedtime 10 am the next morning = 16. Thus a value of 5 indicates an 11 pm bedtime.

Note: All sleep values include sleep recorded between 6 pm on the day of and 10 am the next day. All other values account for one calendar day from 12:00 am

to 11:59 pm.

heart rate data. Imputation was performed at the smallest
possible interval. That is, where minute-level data were
available, imputations were done at the minute level and
aggregated across intervals of missingness. The rate of
data sampling for each input variable is specified in
Table 2.

Missing data were replaced using the random forest
imputation method, which has advantages over paramet-
ric multivariate imputation by chained equations
(MICE)* insofar as it accommodates nonlinearities and
interactions.”® Imputation was only performed for data
features used for prediction (i.e., Fitbit data) because this

is the data that would be required to implement predic-
tive modeling in routine care to include patients with a
wide array of Fitbit protocol compliance. We did not
impute self-report data, as this was not used as input data
for our algorithm. Thus, if the predictive algorithm were
implemented in routine care, self-report data would not be
needed.

Full or partial data imputation was performed on
620 study days (out of 14,406 total days across all partici-
pants in the study). This translates to 4.3% of Fitbit data
days (a mean of 11 days per participant). Across partici-
pants, days with imputed data ranged from 0% to 34%.
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2.6 |

Machine learning algorithms

Our hypothesis was that the BIMM forest ML algorithm>*
would outperform other standard approaches. BiMM for-
est is a longitudinal model that allows for working with
clustered binary outcomes, for example, in longitudinal
studies where patients' measurements are correlated over
time. This method can be considered as an extension of
generalized linear mixed models (GLMMs), where (a) the
fixed covariates are not assumed to be linearly associated
with the link function of the outcome, and
(b) interactions do not need to be pre-specified. BIMM
forest combines random forest and GLMM methodology,
where using random forest also allows for an interpret-
able representation of the role of the predictor variables.
A Bayesian implementation of GLMM is used in BiIMM
forest to improve performance and avoid convergence
issues that exist in traditional GLMMs.

To test this hypothesis in our training data, we com-
pared results generated using BiMM forest with six
commonly-used ML algorithms: logistic regression,” reg-
ularized logistic regression,”® support vector machine
(SVM),”” eXtreme Gradient Boosting (XGBoost),”®* ran-
dom forest,>®" and regularized random forest.®>"** The
regularized methods were added due to concerns related
to overfitting, which can arise in datasets with a high
ratio of predictors to subjects.

Classification models based on these seven machine
learning algorithms were built using R, version 4.1.0, and
several R packages, including tidyverse, lubridate,
glmnet, randomForest, RRF, el071, xgboost, BiMM,
PROC, and iml.

2.7 | Training, validation, and testing
Given the longitudinal nature of our dataset, we first
organized the data chronologically and split it into train-
ing and testing subsets in a temporal fashion. Specifically,
we trained our prediction models on the earliest 80% of
observations for each participant (rounded up to the next
integer), and left the rest for testing the best performing
model. Due to the discrete number of observations,
which varied by participant, ultimately 84% of the col-
lected data was used for training.

To evaluate the relative performance of the ML algo-
rithms using this 84% of our dataset (hereafter referred to
as the training data), we employed a time series split
cross-validation process.®® Specifically, within the train-
ing data, we utilized the initial 70% of the training data to
predict the period following the 70% mark, then the first
80% to predict the period after 80%, and then the first 90%

to predict the period after 90% for each patient. This
approach accounts for the longitudinal nature of the data
and involves intentionally overlapping analyses. As such,
it is beneficial for several reasons. First, it ensures that
the model is always validated on data points that follow
the training data in time, preserving the temporal order
and mimicking a real-world scenario where past data is
used to predict future outcomes. Second, by validating
the model on multiple overlapping subsets, the method
helps ensure that the model is robust and generalizes
well across different time periods within the training
data. Third, this method provides a more comprehensive
validation of the model's performance, as it evaluates the
model on different segments of the data, ensuring that
the model is not overfitting to a specific portion of the
training data.

During this validation process, we performed hyper-
parameter optimization for each method (except logistic
regression) using a grid-based tuning method to system-
atically search for the optimal parameters. The primary
goal in the validation process was to compare different
models and develop methodologies for predicting new
data. Reported test results are averaged over these three
different test/training splits and the model with the high-
est ROC-AUC was selected as the best model.

After identifying the best model, we retrained it on
the entire 84% of the dataset using the hyper-parameters
obtained from the validation process and then tested the
model's performance using the untouched 16% of
the data. This test data was not used in the validation
process, so as to disentangle model selection and model
testing processes.

3 | RESULTS

After applying filtering criteria, our sample included
54 unique participants. Across these 54 participants, we
did not have self-report data for 39 observation windows
(546 days of data), which meant that these observation
windows could not be included in prediction modeling.
We were able to use 13,860 days of data (consisting of
990, 2-week observation windows). In total, PHQ-8
scores over the clinical cutoff for probable depression
occurred in 43 participants in 404 of the 990 (41%)
included observation windows. ASRM scores over the
clinical cutoff for probable (hypo)mania occurred in
30 participants in 148 of the 990 (15%) included observa-
tion windows.

The training data consisted of a total of 834 observa-
tion windows. Of these, there were 345 observation win-
dows with depressive symptomatology over established
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clinical cutoffs and 133 observation windows with (hypo)
manic symptomatology over established clinical cutoffs.
The test data consisted of a total of 156 observation win-
dows. Of these, there were 59 observation windows with
depressive symptomatology over established clinical cut-
offs and 15 observation windows with (hypo)manic
symptomatology over established clinical cutoffs. Addi-
tional details on frequency of mood symptoms above
established clinical cutoffs in the full dataset can be
found in Supplemental Table 1.

Of the 54 participants included in analyses, Mean age
was 40.3 (SD = 13.9) and the sample was 74.1% (n = 40)
female and 77.8% (n = 42) white. Per the Structured Clin-
ical Interview for DSM-5 (SCID-5), 75.9% (n = 41) of the
sample was diagnosed with BD I, and 24.1% (n = 13) was
diagnosed with BD II. The mean age of onset was 17.9
(SD = 6.1) years old. Mean baseline Hamilton Depression
Rating Scale (HDRS) score was 89 (SD =8.5,
Range = 0-37), and mean baseline Young Mania Rating
Scale (YMRS) score was 1.9 (SD = 2.9, Range = 0-15).
On average, participants included in the analysis were
compliant with the Fitbit protocol 87.8% of weeks.

3.1 | Predicting mood symptomatology
Receiver operating characteristic (ROC) curves from the
validation process of the seven ML models tested are
shown in Figure 2. Values for all models were above typi-
cally acceptable levels,’® exhibiting high power for pre-
dicting severity of mood symptomatology. In the
validation process, the BiMM forest method outper-
formed other ML algorithms, achieving an AUC of 0.847
for predicting depressive symptomatology over clinical
cutoffs and 0.829 for predicting (hypo)manic symptom-
atology over clinical cutoffs.

Given its superior performance, we used BiMM forest
as the final model to predict mood symptomatology over
clinical cutoffs and conducted an analysis of predictive
power based on this model in the test data. In the test
data, BiMM forest achieved an AUC of 0.860 for predict-
ing depressive symptomatology over clinical cutoffs and
0.852 for predicting (hypo)manic symptomatology over
clinical cutoffs. The prediction accuracy was 80.1% for
depressive symptomatology (sensitivity of 71.2% [95% CI,
59.3%-83.1%] and specificity of 85.6% [95% CI, 78.4%—
92.8%]) and 89.1% for (hypo)manic symptomatology (sen-
sitivity of 80.0% [95% CI, 60.0%-100%] and a specificity of
90.1% [95% CI, 85.1%-94.3%]). Of note, these predictions
(sensitivity, specificity, and accuracy) utilized optimized
prediction thresholds of 0.536 for depression and 0.340
for (hypo)mania. Optimized thresholds were calculated
using Youden's J statistic.®”
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ROC curve for predicting depression
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FIGURE 2 ROC curves for detecting mood episodes in BD

patients in training data. BiMM Forest, binary mixed model forest;
Elastic Net, regularized (via Elastic Net) logistic regression; LR,
logistic regression.; RF,random forest; ROC,receiver operating
characteristic; RRF, regularized random forest; SVM, support
vector machine; Xgboost, eXtreme gradient boosting. Values in
parentheses are the ROC-AUC values.

3.2 | Variable importance in
prediction model

To understand the contribution of each feature to mood
symptomatology predictions, we made use of the random
forest portion in the BiMM forest algorithm. Figures 3
and 4 depict the importance of each variable in predicting
symptomatology over clinical cutoffs for depression and
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(hypo)mania, respectively. Specifically, these figures dis-
play each variable's contribution to the prediction task as
measured via the mean decrease in Gini across all trees
in the random forest algorithm. The magnitude of contri-
bution is represented by the distance between the y-axis
and the corresponding dot for each variable. Of note, the
mean decrease in Gini reflects the magnitude of the effect
of contribution to the prediction task, but not directional-
ity or effect size.

For depression, the five variables that contributed
most to our predictions were duration of awakenings,
total sleep time, median bedtime, resting heart rate, and
percentage of sleep spent in deep sleep (see Figure 3). For
(hypo)mania, the five variables that contributed most to
our predictions were heart rate, sleep efficiency, percent-
age of sleep spent in REM sleep, number of very active
minutes, and median bedtime (see Figure 4).

4 | DISCUSSION

In this study, we evaluated the degree to which ML algo-
rithms utilizing noninvasive, passively-collected data
from a mainstream wearable device (Fitbit), and limited
data filtering could predict occurrence of mood

symptomatology over clinical cutoffs in patients with
BD. We were interested in whether, under these con-
straints, predictive accuracy would be high enough to
meaningfully inform treatment, such as triggering out-
reach between scheduled appointments.

Using BiMM forest, we achieved predictive accuracy
of 80.1% for depression (with a sensitivity of 71.2% and
specificity of 85.6%) and 89.1% for (hypo)mania (with a
sensitivity of sensitivity of 80.0% and a specificity of
90.1%). These results are similar to those achieved by
Cho et al.*® in patients with BD I (the diagnosis of 76% of
our sample). Specifically, in BD I patients, Cho et al.
achieved 83.1% accuracy detecting depressive episodes
and 88.3% accuracy detecting manic episodes. Our similar
accuracy suggests promising proof-of-concept that pas-
sively collected data from Fitbits could be useful in treat-
ment of BD. If a clinician was aware of an 89% likelihood
their patient was experiencing a manic episode and did
not have a near-term appointment scheduled, outreach
would most certainly be warranted.

To the best of our knowledge, this is the first applica-
tion of BiMM forest for predicting occurrence of mood
symptomatology over clinical cutoffs in BD. In our data,
BiMM forest outperformed other machine learning algo-
rithms, including random forest, which is the most
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FIGURE 4 Variable importance for
predicting (hypo)mania based on mean
decrease in Gini index. All variables
specified are defined in Table 2.

Heart rate

Sleep efficiency score
REM percent

Very active minutes
Median bedtime
REM sleep duration
Step count

Total sleep time
Resting heart rate
Deep sleep duration
Deep sleep percent
Deep sleep count
Awakenings duration
Sedentary minutes
REM sleep count
Awakenings count
Awakenings percent

commonly applied modeling approach in psychiatric dig-
ital phenotyping to date. BIMM forest offers a personal-
ized approach insofar as it makes use of mixed effects to
allow the option of using patient-specific covariates for
each participant (via its generalized linear mixed model
component). Past digital phenotyping research has found
that personalized models that benefit from each individ-
ual patient's characteristics outperform general models
that utilize data of the other partcipants.**®*® Our
results further support the importance of using personal-
ized approaches in digital phenotyping research and sug-
gest that BIMM forest is a promising analytic approach.
In addition to personalization, BiMM forest also allows
for both nonlinear effects and inclusion of interactions
among predictors that are not pre-specified (via its ran-
dom forest component).

Our findings are particularly noteworthy because all
input was passively collected, none of the metrics utilized
were invasive in terms of privacy, we used mainstream
consumer devices, and our methods did not demand high
levels of Fitbit compliance. Other researchers have
achieved more accurate mood predictions with more
invasive data collection protocols that use data like geolo-
cation®® and voice features,”” which may raise privacy
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concerns, and textile wearables,>* which may feel restric-
tive to patients. Similarly, some recent studies using pas-
sively collected, Fitbit data have achieved greater
accuracy, but these studies involved heavy filtering such
that only 11% of observation days were used®® or data
from 46% of participants were excluded.”® Thus, predic-
tions were only fit for highly compliant patients, which is
unlikely to be the majority of a routine outpatient sam-
ple. In contrast, our methods utilized 83.1% of partici-
pants and 95.3% of those participants’ observation
windows. We argue, therefore, that our methods are an
important next step toward a digital phenotyping
approach that could be feasibly and broadly implemented
across BD patients in routine care.

The relative importance of variables in our prediction
model lends insight into which Fitbit data features con-
tributed most to our predictive models (Figures 3 and 4).
Median bedtime was among the five most important vari-
ables for predicting both depressive symptomatology and
(hypo)manic symptomatology. Additionally, deep sleep-
related variables were high in variable importance for
depression symptomatology prediction, whereas REM
sleep-related variables were high in importance for
(hypo)mania symptomatology prediction. The
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importance of heart rate metrics in prediction of both
depression and (hypo)mania symptomatology, corrobo-
rates prior research that supports a link between heart
rate metrics and mood state.31:33:34387071 Of note, heart
rate was particularly heavily weighted in (hypo)mania
prediction, whereas resting heart rate was particularly
heavily weighted in depression prediction. Variable
importance findings are presented to open the black box
of machine learning. They should not be interpreted as
having clinical significance in their own right. Rather,
these results can help others exploring digital phenotyp-
ing to determine which biobehavioral data may be partic-
ularly important to collect and use in future applications
of machine learning to understand mood episode status.
Further investigation of variable importance is required
to determine the extent to which the most important var-
iables observed in the models in this study generalize to
other settings with different preprocessing procedures,
models, and participants.

4.1 | Limitations

Our study had several limitations. First, while the dura-
tion of monitoring and size of our dataset were on the
high end for digital phenotyping studies of BD,
the amount of training data available was low for applica-
tions of machine learning. More training data (a larger
sample or even longer monitoring period) would allow
evaluation of differences in predictive accuracy across
diagnostic and demographic subgroups and may improve
predictive accuracy. Second, owing to our focus on
approaches to digital phenotyping that are feasible to uti-
lize in routine care, we used the PHQ-8 and ASRM to
determine severity of depressive and (hypo)manic symp-
toms. These measures are feasible to administer at clinics
that may want to train models based on each individual
patient's data in routine care, but they carry their own
error rates. Third, the majority of our sample carried a
diagnosis of BD I. Further evaluation of predictive accu-
racy in a sample more heavily weighted toward BD II
patients is warranted. Fourth, Fitbit data features rely on
Fitbit algorithms, which have been well-studied and
validated,**™*® but are less precise than, for example,
polysomnography when measuring sleep. Thus, these
findings should not be interpreted as precise scientific
relationships between biobehavioral variables and mood
episodes. Rather, they should be interpreted with an eye
to how a commercially available, user-friendly device can
be used to predict mood symptomatology. Fifth, while we
utilized a random forest imputation method to limit the
frequency of discarding observation windows, we did

have to exclude 11 patients (though only 4 owing to
insufficient compliance with the Fitbit protocol). Still, we
were able to include 83% of enrolled patients in our pre-
diction modeling, which we argue would be enough for
clinical utility. Finally, Fitbit compliance in this study
was nearly 88%, which is slightly higher than has been
observed in other Fitbit studies of BD (e.g., 77.8% compli-
ance in Van Til et al.”®) The reasons for this are not
known, but lower compliance would make applying such
machine learning in routine care less widely applicable.
Follow-up studies evaluating acceptability and feasibility
in routine care settings will be essential to understanding
the viability of these methods for improving treatment of
BD. Finally, given that Fitbit only incorporated heart rate
variability into its API after this study was already under-
way, this variable was not captured in our dataset. Recent
research suggests that heart rate variability may differ
across mood states in BD,>337%71 g0 future studies
expanding our algorithm to include heart rate variability
as an input variable may have greater accuracy.

5 | FUTURE DIRECTIONS

Data from Fitbit devices can be used to detect clinically
significant mood symptoms in patients with BD with
high accuracy. Findings warrant several directions for
future studies that have the potential to transform BD
care paradigms and improve treatment precision. Most
immediately, future work extending findings to unipolar
depression and utilizing larger samples such that we can
evaluate differences in predictive accuracy across diag-
nostic and demographic subgroups will be important.
Additionally, studies evaluating implementation chal-
lenges in routine care will shed further light on the via-
bility of utilizing these methods. Finally, with the core
biology of BD (and most other neuropsychiatric illnesses)
being largely unknown,”®”* findings suggest there may
be merit in exploring the utility of digital, biobehavioral,
signals as a biomarker for BD and perhaps mood disor-
ders more generally.
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