Title: Concurrent and Prospective Associations Between Fitbit Wearable Derived RDoC Arousal
and Regulation Constructs and Adolescent Internalizing Symptoms

Authors: Benjamin W. Nelson, Ph.D.a, Jessica E. Flannery, Ph.D.a, Natasha Duell, Ph.D.a, John
Flournoy, Ph.D.b, Mitchell J. Prinstein, Ph.D.a, & Eva Telzer, Ph.D.a

Affiliations:
a. Department of Psychology and Neuroscience, University of North Carolina at Chapel Hill,
Chapel Hill, NC, USA
b. Department of Psychology, Harvard University, Cambridge, MA, USA

Corresponding Author:
Benjamin W. Nelson
Department of Psychology and Neuroscience
235 E. Cameron Ave
Chapel Hill, NC 27599 USA
Email: bwn@unc.edu
Phone: (310) 801-4595

Abstract
Background: Adolescence is characterized by alterations in biobehavioral functioning, during
which individuals are at heightened risk for onset of psychopathology, particularly internalizing
disorders. Researchers have proposed using digital technologies to index daily biobehavioral
functioning, yet there is a dearth of research examining how wearable metrics are associated with
mental health.
Methods: We preregistered analyses using the Adolescent Brain Cognitive Development Study
dataset using wearable data collection in 5,686 adolescents (123,862 person days or 2,972,688
person hours) to determine whether wearable indices of resting heart rate (RHR), step count, and
sleep duration as well as variability in these measures were cross-sectionally associated with
internalizing symptomatology. All models were also run controlling for age, sex, body mass
index, socioeconomic status, and race. We then performed prospective analyses on a subset of
this sample (n = 143) across 25 months that had Fitbit data available at Baseline and Follow Up
in order to explore directionality of effects.
Results: Cross-sectional analyses revealed a small, yet significant effect size (R2=0.053) that
higher RHR, lower step count and step count variability, and greater variability in sleep duration
were associated with greater internalizing symptoms. Cross-lagged panel model analysis
revealed that there were no prospective associations between wearable variables and
internalizing symptoms (partial R2=0.026), but greater internalizing symptoms and higher RHR
predicted lower step count 25 months later (partial R2=0.010), while higher RHR also predicted
lower step count variability 25 months later (partial R2=0.008).
Conclusions: Findings indicate that wearable indices concurrently associate with internalizing
symptoms during early adolescence, while a larger sample size is likely required to accurately

assess prospective or directional effects between wearable indices and mental health. Future
research should capitalize on the temporal resolution provided by wearable devices to determine
the intensive longitudinal relations between biobehavioral risk factors and acute changes in
mental health.
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Introduction
Adolescence is a developmental period characterized by alterations in affective
functioning, during which youth are at heightened risk for the onset of internalizing disorders,
such as depression and anxiety (Dahl et al., 2018; Zisook et al., 2007). Increased risk during this
time coincides with developmental changes in biobehavioral functioning, including increased
stress sensitivity, onset of sleep difficulties, and changes in behavioral patterning (Dahl et al.,
2018). Recently, researchers have proposed the use of mobile health (mHealth) technologies,
such as wearable and smartphone devices, to passively index mental health in everyday life
(Torous et al., 2016, 2017). Despite many review articles delineating the potential promise of
these devices (Miller, 2012; Onnela & Rauch, 2016; Torous et al., 2016; Torous & Roberts,
2017) and some studies emerging on smartphone sensor data and mental health (Ben-Zeev et al.,
2015; Jacobson & Chung, 2020; Pratap et al., 2019; Saeb et al., 2016), there is currently a dearth
of research examining 1) how passively collected wearable biobehavioral features (e.g., heart
rate, step count, sleep duration and their variability) are associated with mental health
functioning, 2) with even fewer research studies conducted during adolescence (Sequeira et al.,
2020), and 3) virtually no research conducted with traditional hypothesis testing as opposed to
computational psychiatry approaches (i.e., machine learning) that are prevalent in the field. Note
that while machine learning approaches are valuable and may increase predictive validity,
traditional hypothesis testing is also needed to provide an explanation of associations among
mHealth variables of interest and mental health. This may be particularly important as recent
research indicates that machine learning approaches often inflate predictive performance in
mental health research (Jacobucci et al., 2021), although this is not found in all studies (Jacobson
et al., 2021). The present study used a novel multimethod approach with wearable indices of

biobehavioral functioning as cross-sectional and prospective predictors of adolescent
internalizing symptoms across early adolescence.
Wearable devices provide the opportunity for continuous, scalable, unobtrusive, and
ecologically valid measurement of multiple transdiagnostic biobehavioral units of analysis
relevant to the National Institutes of Mental Health Research Domain Criteria (RDoC) Arousal
and Regulation Systems, in real-world environments (Insel et al., 2010; Torous et al., 2017).
Markers of the Arousal RDoC domain (i.e., increased sensitivity to external and internal stimuli)
can be assessed at the level of resting heart rate (HR), while regulation (i.e., homeostatic
functions of allostasis) can be captured with both physical activity via step count and sleepwakefulness via sleep duration (Insel et al., 2010; Torous et al., 2017). As discussed in depth
below, these wearable derived RDoC units of analysis conveniently map onto the previously
mentioned biobehavioral changes that occur during adolescence, including increased stress
sensitivity, onset of sleep difficulties, changes in behavioral patterning (Casey et al., 2014; Dahl
et al., 2018). Importantly, these biobehavioral arousal and regulatory markers have long been
used as clinical indicators of overall health and have been independently found to be associated
with psychiatric functioning in laboratory and medical settings (Farmer et al., 1988; Harvey et
al., 2011; Jacquart et al., 2019; Latvala et al., 2016). Together, each wearable metric may allow
for the real-world assessment of transdiagnostic RDoC Arousal and Regulatory Systems that can
provide clinically relevant data during this vulnerable period of development.
Heart Rate and Mental Health. Adolescence is associated with increased physiological
reactivity to stressors when compared to childhood and adulthood (Stroud et al., 2009). Heart
rate (HR), measured in beats per minute (bpm), is one unit of analysis of the RDoC Arousal
System and is predominantly influenced by the coordination of the sympathetic and

parasympathetic branches of the autonomic nervous system, which activate when an organism
faces perceived, imagined, or actual environmental threat and challenge as well as psychosocial
stress (Cacioppo et al., 2017). Cardiovascular dysfunction, as reflected in higher cardiac arousal
at rest (e.g., high resting HR; see Deutz et al., 2019), has been proposed to be a putative
mechanism associated not only with morbidity and mortality (Khan et al., 2015; Qiu et al., 2017;
Zhang et al., 2015), but also with a range of psychiatric disorders (Alvares et al., 2015; Clamor et
al., 2014; Kandola et al., 2019; Kemp, Brunoni, et al., 2014; Kemp, Quintana, et al., 2014;
Latvala et al., 2016; Paulus et al., 2013). This link may be due to the fact that cardiac responses
are regulated by prefrontal and subcortical brain regions that are associated with affect and
emotion regulation (Lemogne et al., 2011), regions specifically undergoing structural and/or
functional connectivity maturational changes during adolescence (Dahl et al., 2018). More
specifically, in a large prospective study of over 1 million Swedish males, higher resting HR
during late adolescence was associated with increased risk for internalizing disorders in
adulthood (Latvala et al., 2016)–– a finding that has been replicated in smaller samples (Kemp et
al., 2014) and in adolescents at risk for internalizing disorders (Nelson et al., 2020). Furthermore,
lower heart rate variability (HRV, i.e., less variability in beat to beat intervals) has been proposed
to be a putative marker of psychopathology in children and adolescents (Beauchaine & Thayer,
2015; Koenig et al., 2016), which may be due to its effect on emotion regulation brain networks
(Mather & Thayer, 2018). Therefore, greater arousal via high resting HR (RHR) and lower
variability in daily RHR may potentiate risk for internalizing problems.
Physical Activity and Mental Health. Greater physical activity is consistently associated
with both lower internalizing diagnoses (Korczak et al., 2017; McDowell et al., 2019; Schuch et
al., 2017) and symptoms (Hoare et al., 2014) across the lifespan, so much so that behavioral

planning to increase physical movement and exercise is incorporated within evidence-based
treatments for internalizing disorders (Spruit et al., 2016). In contrast, sedentary behavior is
associated with greater internalizing diagnoses (e.g., depression) during adolescence (Hoare et
al., 2014). In turn, low physical activity, as indexed by low step count, may be one behavioral
manifestation of psychomotor retardation or social withdrawal, which are key diagnostic criteria
and symptoms of depression (American Psychiatric Association, 2013).
Sleep and Mental Health. Lastly, adolescence is associated with alterations in sleep
regulation and patterning (Crowley et al., 2007; Dahl & Lewin, 2002), which play an important
regulatory role in arousal (see HR above) and affect (Dahl, 1996). Sleep quantity is associated
with future internalizing symptoms (Roberts et al., 2009) with both a lack of sleep (Short et al.,
2020) and excessive sleep (Mullin et al., 2017) being associated with internalizing disorders as
well as internalizing symptoms during adolescence (Liu et al., 2020). Such findings coincide
with key internalizing diagnostic criteria (hypersomnia and insomnia in major depressive
disorder, see American Psychiatric Association, 2013). Furthermore, variability in sleep duration
may be particularly important as greater variability in sleep duration is associated with higher
internalizing symptoms in adolescents (Bustamante et al., 2020) even after controlling for sleep
duration (Fuligni et al., 2018). Therefore, similar to HR and physical activity, sleep duration and
variability in sleep duration can be conceptualized as transdiagnostic mechanisms for
internalizing difficulties (Blake & Allen, 2020; Harvey et al., 2011).
The current study was designed to address the role of wearable derived resting HR, step
count, and sleep duration and variability in these measures play in cross-sectional and
prospective internalizing symptoms during early adolescence.

The Current Study
The current study used preregistered with open code (https://osf.io/ysdfk/) for secondary
data analysis of the Adolescent Brain Cognitive Development (ABCD) Study (Bagot et al.,
2018). This study was designed to examine cross-sectional and prospective associations between
multiple wearable derived RDoC indices of Arousal (i.e., resting HR) and Regulation (i.e., step
count and sleep duration) and variability in these biobehavioral variables with internalizing
symptoms during adolescence. For cross-sectional analyses, we hypothesized that higher arousal
reflected in greater RHR and lower variability in daily RHR as well as lower regulation as
reflected in lower sleep duration, greater variability in sleep duration, lower step count, and
higher variability in step count would be associated with greater concurrent internalizing
symptomatology. For prospective analyses, we hypothesized that higher RHR, lower variability
in daily RHR, greater sleep duration and variability in sleep duration, and lower step count and
variability in step count would be associated with increases in internalizing symptoms from
Baseline to 2 Year Follow-Up.
Materials and Methods
Participants and Recruitment
We received IRB approval from the local IRB committee for secondary data analysis of
ABCD Study data. Participants in this study were part of the nationally-representative,
longitudinal ABCD study, which is thought to be poised to be the largest long-term longitudinal
single-cohort study in the United States on neurodevelopment and child health. Information
regarding recruitment sites, investigators, and project organization are available at
http://abcdstudy.org. A baseline cohort of 11,878 children between the ages of 9-10 years and
their parents/guardians were recruited across 21 data collection sites (Garavan et al., 2018). At

each site, participants were recruited through local elementary and charter schools. Exclusion
criteria for youth participants included lack of English proficiency and severe sensory,
intellectual, or neurological issues or any contraindications to magnetic resonance imaging
scanning (Thompson et al., 2019). Eligible parents were fluent in either English or Spanish.
Data for cross-sectional analyses came from the 2 Year Follow-Up with 5,686 adolescents
(meanage = 11.96, sd = 0.65). Data for prospective analyses came from two timepoints: Baseline
(meanage = 9.96, sd = 0.60) and 2 Year Follow-Up. The ABCD study recruited a subset of 150
participants at Baseline to examine the feasibility and acceptability of Fitbit Charge HR 2
devices at three sites, including University of California San Diego, SRI International, and
Virginia Commonwealth University (Bagot et al., 2018). During Baseline, two Fitbit devices
were lost, four were damaged, and after selecting Fitbit devices worn on protocol days, 143
adolescents remained across Baseline and 2 Year Follow-Up, which was the total sample size for
prospective analyses. For participant demographics see Table 1.
Assessment Procedures
As described by Bagot et al. (2018), after informed consent, participants were provided a
Fitbit Charge HR 2 and continuously wore this device over 21 days at Baseline and then again at
2 Year Follow-Up , except while bathing or engaging in water activities. The Fitbit app was
downloaded to either the parent’s or participant’s phone to allow for data collected by the Fitbit
to sync and upload when the Fitbit was within proximity of the phone. If a participant’s Fitbit
data were not uploaded for four days, an ABCD research assistant contacted the participant
family because there is loss of data granularity after 6 days when devices have not been synced.
Fitabase (www.fitabase.com) was used to monitor and retrieve Fitbit data for participants.
Parent-report questionnaires, including reports of children’s internalizing symptoms, were

completed using an iPad provided by the research team. At each time point, parents completed
several questionnaires using an iPad provided by the research team. For the purposes of this
study, parents reported on demographic information and their children’s internalizing symptoms.
Measures
Internalizing Symptoms. Parents completed the Child Behavior Checklist (CBCL),
which is a school-aged assessment form of 113 questions that are scored on a 3-point Likert
Scale (0 – absent, 1 – occurs sometimes, 2 – occurs often) and is used to screen for emotional
and behavioral difficulties (Achenbach, 1991). The CBCL is comprised of 8 subscales including
anxious/depressed, depressed, somatic complaints, social problems, thought problems, attention
problems, rule-breaking, and aggressive behavior. These subscales can then be grouped into an
internalizing scale as was done in the current study and externalizing scale. Note that only scored
variables were available in this open dataset, so we were unable to compute alpha reliability.
Fitbit Charge HR 2. Fitbit Charge HR 2 devices use proprietary algorithms to
continuously measure biobehavioral features at up to a 1 second sampling rate (Bagot et al.,
2018) with photoplethysmography (PPG) to calculate HR, accelerometer to calculate step count,
and a combination of PPG and accelerometer to calculate sleep duration. HR, especially when
averaged over longer time period as was done in the current study (Bent et al., 2020; Nelson et
al., 2020; Nelson & Allen, 2019; Wang et al., 2017); step count (Alinia et al., 2017; Diaz et al.,
2015; Tedesco et al., 2019); and sleep duration (de Zambotti et al., 2015, 2016; Mantua et al.,
2016; Toon et al., 2016) have each been validated against research-grade, gold-standard devices
(i.e., electrocardiogram for PPG data, behavioral observation for step count, and
polysomnography and research actigraphy for sleep). These validations have also occurred in
younger developmental samples of children and adolescents by the University of California San

Diego (UCSD) in anticipation of incorporation into ABCD (Bagot et al., 2018; Wing et al.,
2017), but accuracy of sleep metrics have not been replicated in all studies (Meltzer et al., 2015).
Covariates. We included covariates that have been previously associated with
internalizing symptoms in adolescence as well as wearable sensor accuracy, including age,
biological sex, race, socioeconomic status (SES; i.e., family income), and body mass index
(BMI) calculated with participant height and weight (weight (lb) / [height (in)]2 x 703) (Nelson
et al., 2020). Skin tone, wrist circumference, wear on dominant or nondominant hand, and
firmware version were not controlled for because they were not collected. In addition, we did not
control for cardioactive medication use, as data were not available on whether medication was
consumed on Fitbit Charge HR 2 wear days. Models were run with and without covariate
inclusion to reduce potential bias of selected covariates (York, 2018).
Statistical Analyses
All statistical analyses were conducted with R Studio, version 1.3.959. Daily Fitbit
metrics were each collapsed into average and standard deviation metrics within Baseline and 2
Year Follow-Up as has been suggested in past research to increase wearable sensor accuracy
(Nelson & Allen, 2019). The ABCD study did not collect data that would allow for examining
more fine-grained associations between Fitbit Charge HR 2 metrics and internalizing symptoms,
such as the level of hours or days (e.g., ecological momentary assessment).
Descriptive Analyses. To assess differences in Fitbit measures and internalizing
symptoms by sex and race, we used the ggstats plot package (Patil, 2018) with all statistics
Bonferroni corrected for multiple comparisons with significance level for sex differences defined
as p < .01 (.05/4) and race differences defined as p < .003 (.05/18). In addition, we provided a

correlation plot among numeric variables of interest using the corrplot package (Wei & Simko,
2016). See supplemental materials for correlations between measures.
Cross-Sectional Analyses. To assess whether data were missing completely at random
(MCAR) we performed parametric (p < 0.001) and nonparametric tests (p < 0.001). Despite that
data were not MCAR, based on recent recommendations (Matta et al., 2018), in order to account
for missing data, we used multiple imputation (10 imputations) using the mice package (van
Buuren, 2020) (see Supplemental Material for missing data by variable). For analyses examining
cross-sectional associations between Fitbit indices and internalizing symptoms at 2 Year FollowUp, a series eight separate multiple regression models were run with each individual predictor
alone and then in combination with all covariates, which included (1a) unadjusted model with
resting HR, (1b) unadjusted model with variability resting HR, (2a) unadjusted model with step
count, (2b) unadjusted model with variability in step count (3a) unadjusted model with sleep
duration, (3b) unadjusted model with variability in sleep duration, (4) adjusted model with all
Fitbit predictors predicting internalizing symptoms, and (5) final adjusted model with all Fitbit
predictor interactions and covariates including age, biological sex, SES, race, and BMI
predicting internalizing symptoms. In these models all continuous predictor variables were
centered using the QuantPsych package (Fletcher, 2012), and final models were standardized to
improve interpretability. The final model was selected based on model fit statistics (i.e., AIC,
BIC) using the performance package (Lüdecke et al., 2020) (see Supplemental Materials for
model fit statistics for each model). Sensitivity analyses were performed with analyses run as
listwise deletion and with all variables winsorized, which did not change results (see
supplemental materials).

Prospective Analyses. Analyses examining prospective associations between Fitbit units
of analysis and internalizing symptoms, were conducted on a preliminary subset of participants
limited to subjects that participated in an initial feasibility component of the ABCD study at
baseline and that had follow-up data in the larger sample at follow-up. For these analyses, we
used a Cross-Lagged Panel Model (CLPM; Kenny, 2014) using the lavaan package (Rosseel,
2020) with only significant Fitbit indices from cross-sectional models (i.e., RHR, step count,
variability in step count, and variability in sleep duration) to predict internalizing symptoms
across Baseline and 2 Year Follow-Up.
Results
Descriptive Statistics.
Males had significantly lower RHR and sleep duration as compared to females, while
males had higher step count and internalizing symptoms when compared to females (see Figure 1
and note effect sizes). There was a significant and small effect of race on RHR, step count and
internalizing symptoms and a significant and medium effect of race on sleep duration (see Figure
2 for Bonferroni corrected simple contrasts). Correlations between all study variables can be
found in Figure 3. When comparing sample differences between participants in the larger crosssectional sample at W2 and the smaller sample of pilot participants that had data across W1 and
2 we found some significant groups differences. While the smaller pilot prospective analysis
subsample did not differ from the cross-sectional analyses in terms of participant sex X2(1) =
1.674, p = 0.196, there was a difference in participant race, X2(17) = 84.558, p < 0.001, such that
there is greater racial diversity in the larger cross-sectional sample, and participants in the
prospective analyses had significantly higher SES (M = 8.21, SD = 2.05), when compared to the
participants in the cross-sectional analyses (M = 7.47, SD = 2.20) t(111.05) = -3.689, p < 0.001.

Cross-Sectional Analyses
As shown in Table 2, in the final model adjusted for covariates (i.e., age, sex, body mass
index, socioeconomic status, and race) was the best model fit and there was a significant effect
for higher RHR, lower step count, lower variability in step count, and higher variability in sleep
duration with higher internalizing symptoms (see Figure 4). Please see supplementary materials
for each unadjusted main effect model.
Prospective Analyses.
Covariance Parameters. Higher RHR and step count at 2 Year Follow-Up, but not
Baseline, were associated with higher internalizing symptoms. Greater variability in sleep
duration was associated with higher internalizing at Baseline, but not 2 Year Follow-Up, and
variability in step count was not associated with internalizing symptoms at either time point (see
Table 3).
Autoregressive Parameters. Internalizing symptoms, RHR, variability in step count and
variability in sleep duration predicted themselves across time points, but this was not found for
step count (see Table 3).
Cross-Lagged Parameters. None of the Fitbit indices at Baseline predicted internalizing
symptoms at 2 Year Follow-Up. In contrast, internalizing symptoms and resting HR at Baseline
predicted lower step count at 2 Year Follow-Up, while resting HR at Baseline also predicted
lower step count variability at 2 Year Follow-Up (see Table 3).
Constraining the paths from W1 Fitbit measures to W2 internalizing symptoms to zero
did not reduce model fit (X2[4] = 3.65, p = .455), while further constraining correlations between
within-wave Fitbit measures and internalizing symptoms to zero did reduce model fit (X2[12] =
26.05, p = .004).

Discussion
The current study utilized data from the ABCD Study to investigate whether wearable
markers including RHR, step count, sleep duration, and variability in each of these measures,
were cross-sectionally and prospectively associated with internalizing symptoms during
adolescence. This study was the first to examine the association between wearable Arousal and
Regulatory RDoC units of analysis during this sensitive period of development. Study results
provided partial support for hypothesized associations.
There were a number of results that were consistent with our cross-sectional hypotheses.
First, higher RHR was associated with greater internalizing symptoms, which is consistent with a
large body of research indicating that higher RHR signifies greater levels of arousal and is
associated with internalizing symptoms (Alvares et al., 2015; Kandola et al., 2019; Kemp,
Quintana, et al., 2014; Latvala et al., 2016; Nelson et al., 2020; Paulus et al., 2013). In contrast,
variability in RHR was not associated with internalizing symptoms, which isn’t particularly
surprising as HRV or the variability in beat to beat intervals has been found to be associated with
internalizing symptoms (Koenig et al., 2016), while no studies to the authors’ knowledge have
examined the association between variability in daily RHR and internalizing symptoms. While
HRV and RHR are related measures, such that when HRV is high, RHR tends to be lower, HRV
is more strongly influenced by the parasympathetic branch of the autonomic nervous system and
has long been used as an index of emotion regulation (Beauchaine, 2015), while RHR is
influenced by both the parasympathetic and sympathetic branches of the autonomic nervous
system. Second, lower step count and variability in step count were both associated with greater
internalizing symptoms, which coincides with findings indicating that individuals experiencing
depressive symptoms experience behavioral withdrawal and psychomotor retardation (American

Psychiatric Association, 2013). Lastly, greater variability in sleep duration was associated with
higher internalizing symptoms, which is consistent with past research (Fuligni et al., 2018) as
well as coinciding with the finding that those with internalizing disorders have greater sleep
difficulties (American Psychiatric Association, 2013; Bai et al., 2020; Gregory et al., 2011). In
contrast, sleep duration was not associated with internalizing disorders, which is in contrast to
some research (Liu et al., 2020; Short et al., 2020), but does fall in line with previously
mentioned findings that variability in sleep duration is associated with internalizing symptoms
over and above sleep duration alone (Fuligni et al., 2018). As a follow-up, we ran an exploratory
analysis to examine whether there was a possible u-shaped relationship between both short and
long sleep duration and internalizing symptoms as has been indicated in past research (Mullin et
al., 2017; Short et al., 2020), but there was no significant association (p > .05).
Despite the small effect size for the cross-sectional model, research indicates that small
effect sizes that are maintained over long periods of time can have a large effect on outcomes of
interest (i.e., cummulative effect; Funder & Ozer, 2019). This indicates that while higher RHR,
lower step count and variability in step count, and greater variability in sleep duration may have
a small impact on internalizing symptoms at any one point in time, a cumulative impact on
internalizing symptoms may be significant if high RHR, low step count and step count
variability, and sleep duration variability are maintained across time. Overall, these sets of
findings indicate a multifactorial constellation of wearable units of analysis that are associated
with greater levels of internalizing symptoms and may comprise a “digital phenotype” of
internalizing symptoms (Insel, 2017; Torous et al., 2016, 2017). Interestingly, males had
significantly higher internalizing symptoms as compared to female adolescence; however, we
caution the over-interpretation of the findings, as the effect size difference was small and both

scores were within 3 points of the 50th percentile for norm-referenced T-scores. Together, this
would suggest the difference in mean T-score would not result in clinically significant behavioral
profiles.
In terms of CLPM prospective associations, results were less consistent with our
hypotheses, such that there were no prospective associations between wearable indices and
internalizing symptoms across early adolescence, except for an autoregressive effect of
internalizing symptoms, resting HR, and sleep duration variability predicting themselves across
time. These results should be interpreted with caution as they were conducted with an extremely
small subsample of participants that had data available between a baseline designed for
feasibility on a small number of participants and this sample had important differences in SES
and race as compared to the larger W2 sample. Interestingly, there was a prospective association
between higher internalizing symptoms and higher resting HR at Baseline and lower step count
at 2 Year Follow-Up and higher resting HR at Baseline and lower step count variability at 2 Year
Follow-Up, which is again in line with findings that individuals experiencing depressive
symptoms experience behavioral withdrawal and psychomotor retardation (American Psychiatric
Association, 2013). The lack of prospective findings indicates limited feasibility and utility of a
single snapshot of wearable biobehavioral features predicting future internalizing mental health
difficulty 25 months later. These null findings are not surprising nor discouraging. First, it would
be assumed that the association between dynamic risk factors at an earlier timepoint would have
diminishing predictive validity with an outcome at a subsequent timepoint. Second, internalizing
symptoms are dynamic and adolescence is a period of particularly rapid change in internalizing
symptoms (Zisook et al., 2007). Therefore, it is unsurprising that wearable metrics fail to
associate with internalizing symptoms 25 months later. Lastly, wearable devices by their very

nature are designed to be continuously worn over long time periods, which may provide
sufficient novel capture of data in order to index time-sensitive alterations in affective states and
therefore in real-world settings it is unlikely that wearables would be used at discrete timepoints
to predict future functioning, but rather worn continuously to offer more relevant health
information.
Limitation and Future Directions
Although the present study had a number of notable strengths, including being the first
study to examine commercially available wearable metrics’ association with adolescent
internalizing symptoms in such a large and nationally representative sample, there were a
number of limitations that should be noted. First, wearable devices’ inherent strength is their
ability to allow for the multimodal collection of intensive longitudinal data (i.e., multiple data
points per minute, hour, or day). Unfortunately, the ABCD Study did not have intensive selfreport data (i.e., ecological momentary assessment or EMA) that would allow for capitalizing on
the dynamics between self-reported internalizing symptoms and wearable biobehavioral features
at the hourly or daily level. Instead, we were limited to averaging Fitbit Charge HR 2 sensor
features within each time point to examine these variables in relation to self-reported
internalizing symptoms. Although this was a limitation, concurrent findings presented in this
study indicate that future intensive longitudinal studies that collect mental states at more finegrained details across hours or days may have even stronger effect sizes that could inform
prevention and intervention efforts. Second, the CLPM prospective analyses had a smaller
sample size (n = 143) and was less racially and economically diverse as compared to the crosssectional analyses (n = 5,686), which likely limited the power and generalizability of this model.
Therefore, it is possible that with a larger and more representative sample could have significant

effects emerge. In addition, due to only two waves of data, we were not able to disambiguate
between- versus within-person effects (Curran et al., 2014; Hamaker et al., 2015). Future studies,
potentially using upcoming ABCD Study data releases, should run random intercept CLPM with
a larger sample in order to determine convergence or divergence of findings based on power
considerations and with more than two waves in order to disambiguate between- versus withinperson effects. Third, in an attempt to par down outcomes of interest, we did not examine the
association between wearable biobehavioral risk factors and other mental or physical health
outcomes as well as other wearable features such as sleep onset variability or other important
aspects of development, such as pubertal status. Future studies should consider using data-driven
approaches by performing specification curve analyses in order to determine the most relevant
wearable biobehavioral factors (e.g., heart rate, VO2 max, heart rate variability, step count,
exercise minutes, distance traveled, sleep duration, nighttime awakenings, restlessness, etc.),
temporal dynamics (e.g., minutes, hours, days buns), temporal lag between variables, and
developmental characteristics that are most predictive of mental health outcomes. The
identification of the most relevant wearable metrics may then assist in variable selection for
computational data-driven classification and prediction of mental health dynamics at shorter time
scales that may eventually lead to early identification, prevention, and just-in-time interventions
(Allen et al., 2019). Similarly, genetic markers could play an important role in links between
Fitbit indices and mental health outcomes and should be examined in future research.
Conclusion
This study investigated whether wearable derived biobehavioral risk factors, including
RHR, step count, sleep duration, and variability in each of these variables were cross-sectionally
and prospectively associated with internalizing symptoms during adolescence. Findings indicated

that higher RHR, lower step count and variability in step count, and greater variability in sleep
duration were cross-sectionally associated with higher internalizing disorders. These findings
indicate a multifactorial constellation of wearable Arousal and Regulation RDoC units of
analysis that are associated with greater levels of internalizing symptoms and may comprise a
“digital phenotype” of internalizing symptoms during early adolescence. In contrast, preliminary
prospective analyses that were limited to a subsample of participants due to ABCD study design,
wearable biobehavioral risk factors were not associated with internalizing symptoms
approximately 25 months later, although greater internalizing symptoms and higher resting HR
at Baseline did predict lower step count at 2 Year Follow-Up and higher resting HR at Baseline
also predicted lower step count variability at 2 Year Follow-Up. A larger and more racially and
economically diverse sample size is likely required to probe this prospective association further
to accurately assess longitudinal associations. Overall, findings indicate that commercially
available wearable devices, such as the Fitbit Charge HR 2, can provide pertinent biobehavioral
information representing RDoC Arousal and Regulation Systems signifying risk when examined
in close temporal proximity to current internalizing symptomatology. Future research should
capitalize on the inherent temporal resolution provided by wearable devices using both
computational and hypothesis driven approaches to improve the prediction and explanation of
mental health dynamics, respectively. These approaches may eventually lead to early
identification, prevention, and just-in-time interventions for those experiencing mental health
difficulties, particularly during sensitive periods of development.

Key Points
•

Adolescence is characterized by heightened risk for first onset of psychopathology.

•

Wearable devices collect multiple transdiagnostic biobehavioral units of analysis relevant
to the NIMH RDoC Arousal/Regulation Systems, which map onto adolescent
biobehavioral changes (e.g., increased stress sensitivity, onset of sleep difficulties, altered
behavioral patterning).

•

Wearable data collection in 5,686 adolescents was used to determine whether wearable
sensor data were cross-sectionally and prospectively associated with internalizing
symptoms.

•

Higher RHR, lower step count and step count variability, and greater variability in sleep
duration were associated with greater internalizing symptoms.

•

These sets of findings indicate a multifactorial constellation of wearable units of analysis
comprising a “digital phenotype” of internalizing symptoms that may lead to prevention
and just-in-time interventions.

Table 1. Participant Demographics
Variable
Age
Sex
Female
Male
Race
White
Black
Other
Native American
Native Alaskan
Missing
Refuse to Answer
Filipino
Don’t Know
Chinese
Vietnamese
Korean
Guamanian
Asian Indian
Asian Other
Japanese
Native Hawaiian
Pacific Islander Other
Samoan
Ethnicity
Not Hispanic or Latino
Hispanic or Latino
Missing
SES (family income)
< $5,000
$5,000 - $11,999
$12,000 -$15,999
$16,000 - $24,999
$25,000 - $34,999
$35,000 - $49,999
$50,000 - $74,999
$75,000 - $99,999
$100,000 - $199,999
$200,000 and greater
NA
Body Mass Index

N
5685

Percentage

2725
2961

47.92%
52.08%

3942
641
237
195
96
86
78
68
60
57
47
38
31
29
26
25
19
9
2

69.33%
11.27%
4.17%
3.43%
1.69%
1.51%
1.37%
1.20%
1.06%
1.00%
0.83%
0.67%
0.55%
0.51%
0.46%
0.44%
0.33%
0.16%
0.04%

4548
1063
75

79.99%
18.70%
1.32%

121
158
103
201
309
452
761
853
1725
634
369
5676

2.13%
2.78%
1.81%
3.53%
5.43%
7.95%
13.38%
15.00%
30.34%
11.15%
6.49%

Mean (SD)
T1: 9.96 (0.60)
T2: 11.96 (0.65)

20.52 (4.92)

Table 2. Cross-Sectional Model
Predictors

β

SE

95% CI

P-Value

(Intercept)

48.401

0.167

48.075 – 48.728

<0.001

Resting Heart Rate

1.534

0.299

0.948 – 2.121

<0.001

Resting Heart Rate SD

0.223

0.281

-0.327 – 0.773

0.427

Step Count

-0.772

0.357

-1.472 – -0.071

0.031

Step Count SD

-0.877

0.351

-1.564 – -0.189

0.013

Sleep Duration

0.514

0.302

-0.077 – 1.105

0.088

Sleep Duration SD

1.569

0.302

0.978 – 2.160

<0.001

Sex

1.665

0.287

1.102 – 2.227

<0.001

Age

-0.558

0.282

-1.111 – -0.005

0.048

SES

-0.630

0.315

-1.248 – -0.012

0.046

Race- Black

-5.010

0.485

-5.961 – -4.059

<0.001

Race- Native American

0.483

0.758

-1.004 – 1.970

0.524

Race- Native Alaskan

3.548

1.050

1.489 – 5.607

0.001

Race- Native Hawaiian

-3.199

2.346

-7.798 – 1.401

0.173

Race- Guamanian

4.702

1.838

1.098 – 8.305

0.011

Race- Samoan

4.941

7.182

-9.138 – 19.021

0.491

Race- Pacific Islander Other

-5.570

3.388

-12.212 – 1.072

0.100

Race- Asian Indian

-4.940

1.892

-8.650 – -1.231

0.009

Race- Chinese

-1.487

1.369

-4.172 – 1.197

0.277

Race- Filipino

-2.927

1.243

-5.364 – -0.490

0.019

Race- Japanese

0.511

2.036

-3.481 – 4.503

0.802

Race- Korean

-0.542

1.654

-3.785 – 2.701

0.743

Race- Vietnamese

-0.479

1.489

-3.398 – 2.439

0.747

Race- Asian Other

-1.354

2.001

-5.277 – 2.570

0.499

Race- Other

-0.710

0.695

-2.073 – 0.653

0.307

Race- Refuse to Answer

1.559

1.162

-0.720 – 3.838

0.180

Race- Don’t Know

-1.417

1.343

-4.049 – 1.216

0.292

BMI

1.254

0.294

0.676 – 1.831

<0.001

Observations

5597

R2 / R2 adjusted

0.053 / 0.049

Table 3. CLPM for Prospective Analyses
Autoregressive and Cross-Lagged Parameters
b
SE
CBCL Internalizing W2
~
CBCL Internalizing W1 +
0.567
HR W1 +
0.111
Step Count W1 +
-1.597
Step Count Variability W1 +
0.603
Sleep Duration Variability W1 +
-0.027
HR W2
~
CBCL Internalizing W1 +
0.070
HR W1 +
0.813
Step Count W1 +
0.470
Step Count Variability W1 +
0.043
Sleep Duration Variability W1 +
-0.025
Step Count W2
~
CBCL Internalizing W1 +
-0.020
HR W1 +
-0.036
Step Count W1 +
-0.031
Step Count Variability W1 +
0.102
Sleep Duration Variability W1 +
-0.004
Step Count Variability W2
~
CBCL Internalizing W1 +
-0.010
HR W1 +
-0.035
Step Count W1 +
-0.066
Step Count Variability W1 +
0.213
Sleep Duration Variability W1 +
-0.004
Sleep Duration Variability
W2
~
CBCL Internalizing W1 +
0.366
~
HR W1 +
0.118
~
Step Count W1 +
3.034
~
Step Count Variability W1 +
-5.240
~
Sleep Duration Variability W1 +
0.607

z
0.080 7.083
0.106 1.039
1.119 -1.428
0.964 0.625
0.033 -0.802
0.056 1.242
0.073 11.105
0.814 0.577
0.668 0.064
0.024 -1.059
0.009 -2.201
0.012 -3.041
0.124 -0.247
0.108 0.943
0.004 -0.972
0.009 -1.042
0.012 -2.842
0.129 -0.509
0.115 1.863
0.004 -1.087
0.423
0.557
6.335
5.924
0.179

0.866
0.211
0.479
-0.885
3.390

p-value
0.000
0.299
0.153
0.532
0.422
0.214
0.000
0.564
0.949
0.290
0.028
0.002
0.805
0.346
0.331
0.297
0.004
0.611
0.063
0.277
0.386
0.833
0.632
0.376
0.001

Covariance Parameters
r
Covariance
SE
z p-value
CBCL Internalizing W1
~~
HR W1
.08
6.191
6.560 0.944
0.345
CBCL Internalizing W1
~~
Step Count W1
-.08
-0.800
0.833 -0.961
0.337
CBCL Internalizing W1
~~
Step Count Variability W1
-.03
-0.294
0.862 -0.341
0.733
CBCL Internalizing W1
~~
Sleep Duration Variability W1
-.18
-54.149 26.556 -2.039
0.041
CBCL Internalizing W2
~~
HR W2
.22
10.332
4.636 2.228
0.026
CBCL Internalizing W2
~~
Step Count W2
-.22
-1.638
0.717 -2.285
0.022
CBCL Internalizing W2
~~
Step Count Variability W2
-.17
-1.353
0.753 -1.797
0.072
CBCL Internalizing W2
~~
Sleep Duration Variability W2
-.20
-60.279 35.677 -1.690
0.091
Overall Model: Test Statistic 0.000, df = 0
Free Parameters = 65, Number of Observations = 143, Missing Patterns = 15.
R2
CBCL Internalizing W2 HR W2
Step Count W2
Step Count Variability W2
Sleep Duration Variability W2
0.334
0.539
0.147
0.149
0.189
Partial R2
CBCL Internalizing W2 HR W2
Step Count W2
Step Count Variability W2
Sleep Duration Variability W2
0.026
0.013
0.010
0.008
0.008
Note: CBCL = Child Behavior Checklist; HR = Heart Rate; SE = Standard Error; z = z-score, W1 = Baseline; W2 = 2 Year FollowUp; ~~ = is correlated with; ~ = is regressed on.

Figure 1. Wearable Metrics and CBCL Internalizing Symptoms by Sex.

Figure 2. Wearable Metrics and CBCL Internalizing Symptoms by Race. Note: Viet =
Vietnamese, Guat = Guatemalan, Filip = Filipino, Nat = Native.

Figure 3. Correlations Between Study Variables

Figure 4. Association Between A. Resting HR, B. Step Count, C. Variability in Step Count, and
D. Variability in Sleep Duration with CBCL Internalizing Symptoms. Note: CBCL = Child
Behavior Checklist.
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