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Diagnostic Tool Lo Wearable GWAS biosensors can be used to predict *Correspondence: walter.roberts@yale.edu (W.R.), mark@gersteinlab.org (M.G.)
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kv L)

loci.

(Binary.
SUMMARY

Psychiatric disorders are influenced by genetic and environmental factors. However, their study is hindered
by limitations on precisely characterizing human behavior. New technologies such as wearable sensors show
promise in surmounting these limitations in that they measure heterogeneous behavior in a quantitative and
unbiased fashion. Here, we analyze wearable and genetic data from the Adolescent Brain Cognitive Devel-
opment (ABCD) study. Leveraging >250 wearable-derived features as digital phenotypes, we show that an
interpretable Al framework can objectively classify adolescents with psychiatric disorders more accurately
than previously possible. To relate digital phenotypes to the underlying genetics, we show how they can
be employed in univariate and multivariate genome-wide association studies (GWASs). Doing so, we identify
16 significant genetic loci and 37 psychiatric-associated genes, including ELFN1 and ADORA3, demon-
strating that continuous, wearable-derived features give greater detection power than traditional case-con-
trol GWASs. Overall, we show how wearable technology can help uncover new linkages between behavior
and genetics.
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Al Framework
Deep Learning

Highlights
o Uniform processing of wearable and genomic data and
integration with Al modeling and GWAS

o Al framework uses wearable digital phenotypes to better
predict psychiatric disorders

e Univariate and multivariate digital phenotypes can act as a
continuous response for GWAS

INTRODUCTION tions of a disease, which are defined according to the number

and type of symptoms and the presence of distress or impair-
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Wearable GWAS detects a larger number of loci compared

with traditional case-control GWAS

Liu et al., 2025, Cell 188, 515-529
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Psychiatric disorders of childhood and adolescence currently
affect 1 in 7 youths in the United States and globally."? External-
izing disorders such as attention-deficit/hyperactivity disorder
(ADHD) and internalizing disorders such as anxiety are among
the most prevalent and represent a wide spectrum of dysfunc-
tional behavior pattems.® Treatment barriers are complex and
multifaceted, but major contributors include our limited under-
standing of psychiatric phenotypes and difficulty identifying
youth individuals that experience these disorders.

Traditionally, psychiatric disorders have been conceptualized
as categorical macrophenotypes based on clinical manifesta-

ment.*® While this has practical benefits in terms of reliability
and ease of diagnosis, it poses several challenges to the
research of these disorders and, consequently, to the develop-
ment of treatments. Furthermore, given the high heritability of
psychiatric disorders, dissecting their underlying genetic archi-
tecture is of interest to researchers.”'’ While cost-effective
and accurate genotyping technologies in large cohorts of indi-
viduals have significantly advanced the field, barriers associated
with missing heritability and the need for improved phenotyping
strategies are still present.””'® In fact, many psychiatric
genome-wide association studies (GWASs) to date rely on
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Using wearable biosensors for “digital phenotypes”
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Goals

« Leverage wearable biosensors to generate digital phenotypes d
(including processing of raw data and feature engineering)

« Develop Al and statistical framework that uses digital
phenotypes to aid in macrophenotype diagnosis and clinical
characterization. d

 Identify linkages between digital phenotypes and genotype g
(digital/wearable GWAS)

Liu J*, Borsari B*, et al, Cell 2025

Yale University 4




A note on causality
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Adolescent Brain Cognitive Development (ABCD) Study
A
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Covariate Description
Sex M/F
. Categorical Race /
Race/Ethnicity Ethnicity

Covariates

Age

Numeric Age

Parent Divorce Status

Divorce Status

Parent Grade

Parent Grade

Family Income

Numeric Income

Family History

Bipolar

Schizophrenia

Antisocial

Nerves

Treatment

Hospital

Suicide

Adopted

Adopted

Cognitive Test Scores

stopsigreactiontime

stopsignolgort

standevgort

picvocab

flanker

precessspeed

picmemory

readingscore

Child Behavior Checklist,

CBCL CBCL score
Relatedness Identify by descent
Medication Medication and dosage
Wear time Time worn
Sports/Activity .
Participation 29 categories

Yale University

Wear Time (Minutes)

Wear Time Comparison
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Sports/Activities
Yoga

Volleyball

Theater, Acting, Film
Tennis

Swimming

Surfing

Soccer

Skiing, Snowboarding
Skating
Skateboarding
Running

Rugby

Musical Instrument
Mixed Martial Arts
Martial Arts
Lacrosse

Ice Hockey
Horseback Riding
Hobbies like collecting
Gymnastics

Games like Chess
Football

Field Hockey

Dance

Crafts

Climbing

Basketball

Baseball

Arts Related
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Healthy Control

ADHD (no Rx)

ADHD (w/ Rx)

Wearable Features

All Features

Comparing 1 Feature

Comparison Between Groups
(Wilcoxon Signed-Rank Test)

Comparing across all features

aoa o
P P, Pra
v
P P, P.2
v
P P, P.2

Healthy
Control
Vs
ADHD
(no Rx)

Pt P 4\

Healthy
Control
Vs
ADHD
(w/ Rx)

-log,,

ADHD
(no Rx)

ADHD
(w/ Rx)

Resting Heart Rate

70

-log(p-value)

90 100

80
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50

Resting Heart Rate
in different groups

[ | I
Healthy ADHD ADHD
Control (no Rx) (w/Rx)

Comparison of 258 Features

Between Groups

n.s.

] 1
—_ R —

T T T
Healthy Healthy ADHD
Control Control (no Rx)

vs vs vs
ADHD ADHD ADHD
(noRx) (w/Rx) (w/Rx)

A) Analysis for comparing wearable features across healthy controls,
ADHD (no Rx), and ADHD (w/ Rx). ADHD (no Rx) denotes a subset of
individuals with ADHD not treated with medication and “ADHD (w/ Rx)"
denotes a subset of individuals with ADHD who were treated with
medication (e.g., Adderall, Concerta, Vyvanse). P-values were
determined using a Wilcoxon Signed-Rank Test.

B) Comparison of resting heart rate across the three different groups.
Healthy controls were significantly different when compared to either
the “ADHD (w/ Rx)” or “ADHD (no Rx)” groups (p=0.017 and
p=0.00163, respectively). No significant difference was determined
when comparing between “ADHD (w/ Rx)” and “ADHD (no Rx)”
groups.

C) For each feature, a p-value was determined for each of the pairwise
comparisons between groups. Overall, the most significant differences
across all features were found when comparing healthy controls to
either the “ADHD (w/ Rx)” or “ADHD (no Rx)” groups. Comparison of
“ADHD (w/ Rx)” or “ADHD (no Rx)” groups yields the least significance
across all features.
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d Wearable Data from the ABCD Study
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Processing Wearable Data from the ABCD Study
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d Processing Wearable Data from the ABCD Study

Alignment of Raw Data
Across Individuals
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d Processing Wearable Data from the ABCD Study

Alignment of Raw Data
Across Individuals
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Optimal
Window Selection
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d Processing Wearable Data from the ABCD Study
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Processing Wearable Data from the ABCD Study

For Each Individual
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Classifying Individuals With/Without Disorders (Static)

d
Diagnostic Tool / Clinical Insights
Psychiatric Diagnosis
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Digital Phenotypes Improve Classification and Provide Clinical Insights

d A Macrophenotype Model Performance
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Digital Phenotypes Enable Clinical Interpretability
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~ Can we use “digital phenotype” to improve genetic studies?
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Detection Power in Binary vs Continuous GWAS Simulation
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Traditional Strategy for GWAS
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Traditional Strategy for GWAS
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7 Linking Digital Phenotypes to Genotype

Genotype

/ Continuous, Multivariate
Response Variable

(with gxm interaction)
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Digital Data (Wearables)
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Linking Digital Phenotypes to Genotype

Feature-wise Test
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Linking Digital Phenotypes to Genotype
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7 Linking Digital Phenotypes to Genotype

Continuous, Univariate
Response Variable

]~ [+

Genotype

Digital Data (Wearables)

Al-generated risk score
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Linking Digital Phenotypes to Genotype
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7 GWAS Results With and Without Digital Phenotypes
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/ Pooling All Individuals

d
Pooling all individuals can:
* Increase statistical power
* Rely ondigital phenotypes as a proxy for health instead of binary labels
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The Interplay of Genetic-Physiological-Psychiatric Factors
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Summary from ABCD Study and Digital Phenotyping

« Digital phenotypes can be extracted from digital biosensor data
« Al and digital phenotypes enable potential diagnostic tools and biomarkers

« Linking digital phenotypes to genotype uncovers SNPs and potential molecular
mechanisms otherwise missed by traditional case-control GWAS

* Intersection of genetic--physiological/behavioral--psychiatric factors

Macrophenotype | m | < Genotype g
mH—g
Clinical Insights d Molecular
(e.g., biomarkers and Mechanisms
diagnostic tools) Intermediate Phenotypes (e.g., digital/wearable
GWAS)

I

Digital Phenotype | d
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