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ARTICLE INFO ABSTRACT

Keywords: Identifying individuals at risk for depression early is important for preventing long-term mental health issues.
Depression However, the variability in depression severity, duration, and triggers complicates predictions. This study
Prediction explores whether machine learning models can outperform traditional methods, like Logistic Regression,

Machine learning

- in predicting self-reported depressive symptoms and clinical depression during adolescence and adulthood.
Polygenic scores

We applied five machine learning models with varying complexity levels — Logistic Regression, Decision
Tree, XGBoost, Support Vector Machine, and Neural Networks — using data from a nationally representative
longitudinal study of the U.S., which tracked participants for 20 years. The models were trained with early-
life predictors (ages 12-18) from Wave I, including environmental factors (family, school, health) and genetic
predispositions (polygenic scores) from Wave IV. Models were evaluated on their ability to predict depressive
symptoms and clinical diagnoses in both adolescence and adulthood. After evaluating the performance of
all five models, XGBoost emerged as the most effective, with a 0.02 increase in ROC-AUC compared to
the benchmark Logistic Regression model. While this is a slight performance improvement, overall, Logistic
Regression performs about as well as many of our ML models. Early-life data showed strong predictive value
for depressive symptoms and clinical diagnoses in adolescence and adulthood, highlighting adolescence as a
critical period. Polygenic scores do not add predictive power when combined with environmental data. Feature
importance analyses identified self-perception and physical health as key predictors of depressive symptoms,
while trauma and life-changing events were more influential for clinical depression.

1. Introduction depression and anxiety are leading contributors to overall sickness and
disability (World Health Organization, 2023).

Mental health is currently a global challenge and a public health Despite growing attention and public health efforts, depression of-

concern. Mental health problems are among the leading causes of ten goes undiagnosed until it becomes severe. Conventional approaches

overall morbidity (Vos et al., 2015) and disability (Lozano et al., 2012), to identifying at-risk groups, such as screenings based on a limited set

and are further linked to suicide risk (Appleby et al., 2017).
Depression is one of the most common and widely studied mental
health conditions. Depression has been described as the “common cold”
of mental health (Gitterman, 1991), a metaphor that underscores its
widespread prevalence and impact. It affects over 300 million peo-
ple worldwide with detrimental consequences for individuals’ health,
relationships, and life outcomes (Kessing et al., 2023). This burden
is especially pronounced in adolescents and young adults, whereby

of risk factors (e.g., family history, trauma exposure, or socioeconomic
disadvantage), have had only moderate success in predicting future
depressive episodes. The complexity of causes playing a role in the
development of depression poses a core challenge to the task of tackling
its different stages. Depression has both internal and external risk
factors that represent a complex net of interconnected causes arising
from the interplay of genetic predispositions, psychological, social, and
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other environmental influences (Fried & Nesse, 2017; Matheson et al.,
2006; McPherson & Armstrong, 2006; Monroe & Simons, 2005; Reading
& Reynolds, 2001). For example, two individuals with similar symptom
levels may have very different underlying risk factor profiles. This
complexity makes it challenging for traditional statistical methods and
clinical judgment alone to predict who will develop depression accu-
rately. This requires an interdisciplinary approach with an integrative,
predictive focus that can handle high-dimensional data and capture
subtle risk patterns before the onset of disorder.

Importantly, adolescence is a critical developmental window as
approximately half of all mental health disorders in adulthood have
their onset by age 18 (Kessler et al., 2005). Yet many adolescent
depression cases remain undetected or untreated, allowing symptoms
to carry into later life. Adolescence is characterized by rapid biologi-
cal, psychological, and social changes, and exposure to new stressors;
these can heighten vulnerability to depression during this formative
period (Mills et al., 2014). Failure to address mental health needs
in youth has cascading effects, impairing educational achievement,
social relationships, and health into adulthood (Costello et al., 2003;
Patel et al., 2007). This underscores the urgency of improving early
identification of depression risk. The ability to predict an emerging
depressive episode is imperative for developing timely and effective
interventions that mitigate the severity of symptoms and improve the
overall quality of life of individuals at risk (Hirschfeld, 2012).

Recent advances in data science have opened new avenues for
improving depression prediction. In particular, machine learning (ML)
methods hold promise for analyzing large datasets with numerous
predictors, uncovering nonlinear relationships and interactions that
conventional regression models may overlook. Likewise, recent ad-
vances in genomics have introduced a unique opportunity for the use of
polygenic scores (PGS), which are aggregate indices of genetic liability
for a trait derived from genome-wide association studies (GWAS),
offering a novel source of predictive information alongside established
psychosocial risk factors. These innovations raise an exciting possibil-
ity: combining rich longitudinal data on adolescents’ environments and
behaviors with PGS indicators and applying state-of-the-art ML algo-
rithms could substantially improve our ability to predict depression in
adolescence and adulthood. At the same time, the use of ML and genetic
data presents new challenges. Models must be rigorously evaluated for
their accuracy and generalizability in a diverse population, and careful
attention is needed to interpretability issues (e.g., can we understand
the predictions and underlying risk drivers).

This paper is situated at the intersection of these developments,
aiming to advance an interdisciplinary understanding of depression
development. By integrating computational methods, genetic data, and
social-environmental measures, our study asks: Can combining genetic
and environmental predictors in an ML framework improve the prediction of
depression from adolescence and adulthood? To answer this question, we
employ four ML methods: Decision Tree (Breiman et al., 2017; Quinlan,
1986), eXtreme Gradient Boosting — XGBoost (Chen & Guestrin, 2016),
Support Vector Machine — SVM (Cortes & Vapnik, 1995), and one
deep learning method (Neural Networks (LeCun et al., 2015; Rumelhart
et al., 1986)), which we compare to the standard benchmark Logistic
Regression approach (Cox, 1958), most used in social sciences. We
utilize data from the National Longitudinal Study of Adolescent to Adult
Health (Add Health), a nationally representative longitudinal survey
of the U.S. population (Harris et al., 2019), to systematically evaluate
these multiple approaches, integrating roughly 100 genetic and non-
genetic predictors. We also pay particular attention to how predictive
performance can vary over developmental time, differ by sex, or depend
on how depression is defined and measured. Additionally, we explore
the key factors that contribute most significantly to predicting depres-
sion. Our approach extends prior research by integrating genomic data
and assessing the viability of applying a machine learning framework
within a social science context.
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By bridging computational, statistical genomics, and social science
approaches, our study demonstrates how ML can complement (rather
than replace) conventional analytical frameworks, yielding more nu-
anced insights into determinants of depression. Through this interdis-
ciplinary approach, we aim to clarify the potential and limitations of
advanced predictive models in mental health and to inform strategies
for the early identification of depression risk that bridge biological and
social contexts.

2. Background

2.1. Framing depression: From public health burden to interdisciplinary
inquiry

Depression is a prevalent, complex, multifaceted mental health
disorder that demands interdisciplinary attention. While its signifi-
cance as a public health priority is widely acknowledged, there is
less consensus on how best to understand its causes, measurement,
and progression over time. Traditional efforts to define and address
depression have spanned clinical, psychological, and epidemiological
domains, yet growing awareness of its social and biological underpin-
nings has broadened the scope of inquiry. As research moves beyond
within-disciplinary lenses, new frameworks are emerging to capture
the layered, dynamic nature of depression, ranging from neurobiology
to family relationships, and from molecular genomics to structural
inequality. Here, we motivate our inquiry by tracing key disciplinary
contributions to the study of depression, highlighting the ongoing shift
toward integrative approaches to model large-scale data.

Beyond its sheer prevalence, depression is characterized by con-
siderable complexity in both its presentation and measurement. Major
depressive disorder (MDD) is defined by a constellation of symptoms. It
includes persistent low mood, loss of interest or pleasure (anhedonia),
and disturbances in sleep, appetite, or concentration that last over
a sustained period (American Psychiatric Association, 2013). How-
ever, individuals meeting the diagnostic criteria for MDD can exhibit
widely divergent symptom patterns. The standard criteria allow for
numerous combinations of symptoms, and large patient studies have
documented over a thousand unique symptom profiles among those
diagnosed (Fried & Nesse, 2015). Such heterogeneity complicates the
assessment and classification of depression. Common measurement in-
struments, from clinician-administered interviews to self-report scales,
provide standardized severity scores but may mask important qual-
itative differences between individuals (Beck et al., 1961; Kroenke
et al.,, 2001). Moreover, depression frequently co-occurs with other
mental health conditions, especially anxiety disorders, blurring diag-
nostic boundaries and further complicating assessment (Kessler et al.,
2003). Consequently, scholars continue to debate the conceptualization
of depression; whether it represents a singular construct or an umbrella
term for a spectrum of related conditions and how best to capture its
nuances in research (Horwitz, 2007; Ruggero et al., 2019).

Accordingly, multiple disciplinary perspectives have been applied
to understand depression’s etiology and persistence. Seeing depression
through the lenses of the psychoanalytic model, our starting point
becomes aspects of its development. For example, we would focus on
how and what early childhood circumstances made us vulnerable to de-
pression. On this assumption of the developmental nature of depression,
more effective interventions could also be built. Psychoanalytic therapy
aims to reveal insights from unpleasant experiences, as another assump-
tion of this theory holds that uncovered insights are a source of healing
power (Peterson, 2009). The family systems model likewise highlights
the importance of childhood in relation to depression. However, this
notion is based on the assumption that mental health problems are
driven by disturbances in the family (Jacobson & Addis, 1993). Both
of these theories provide the fundamentals of modern talk therapies,
such as psychodynamic and interpersonal therapy (IPT), which are
effective in treating (de Mello et al., 2005; Shedler, 2010). If we stand
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for cognitive-behavioral theory and its understanding of depression, we
would emphasize the role of stressful situations along with the ways of
thinking as driving forces. We would encourage therapies that teach
people to develop adaptive habits and greater control over thinking
processes. This approach provides the foundation for the big family
of modern Cognitive-behavioral therapy (CBT) techniques (Feldman,
2007). One of the most important contributions of these psycholog-
ical approaches is insights into the intraindividual mechanisms that
contribute to the development of depression. Such insights continue to
play a critical role in the development of individual therapies, further
contributing to the clinical utility of psychotherapies (Nathan, 2007).

One of the most important shifts in the understanding of depression
is rooted in a biological revolution in psychiatry that occurred dur-
ing the last quarter of the twentieth century following an empirical
success to demonstrate the role of biology in depression develop-
ment (Schwartz & Corcoran, 2009). Then, biological and biomedical
research has probed the genetic and neurophysiological underpinnings
of depression. At the molecular level, GWAS have begun identify-
ing numerous genetic variants linked to depression, each conferring
a small increase in risk and collectively underscoring the polygenic
architecture of the disorder (Wray et al., 2018). Neurobiological investi-
gations have implicated dysfunction in neurotransmitter systems (such
as serotonin and norepinephrine), dysregulation of the hypothalamic—
pituitary-adrenal (HPA) axis that governs stress hormone release, and
other physiological perturbations. For example, many depressed indi-
viduals exhibit elevated cortisol levels, a biological signature of chronic
stress activation (Stetler & Miller, 2011), and some research implicates
heightened inflammatory immune responses in the development or
maintenance of depressive symptoms (Slavich & Irwin, 2014). These
findings support a view of depression as an illness rooted in brain—
body interactions, wherein neurochemical imbalances, endocrine stress
responses, and immune system changes contribute to the emergence
of pathological mood states. The biological perspective has not only
informed pharmacological treatments (such as antidepressants target-
ing specific neurotransmitter pathways) but also continues to explore
biomarkers that might improve diagnosis or predict treatment response.

Complementing the psychological and biological domains, soci-
ological and demographic perspectives situate depression within a
broader socio-environmental context. Research in social epidemiol-
ogy and medical sociology has documented how social determinants,
including socioeconomic disadvantage, gender inequality, racial/eth-
nic stressors, and exposure to trauma or violence, can affect mental
health. Depression can be triggered by factors such as educational
attainment (Lee, 2011), marital status (Kessler & Essex, 1982; Pearlin
& Johnson, 1977), and economic recessions (Frasquilho et al., 2015;
Jahoda, 1988). Brown and Harris (2012) demonstrated that acute life
events (such as the death of a loved one or loss of a job), in combination
with a lack of social support, can trigger depressive episodes, especially
among individuals already facing social adversity. Subsequent studies
have consistently found higher rates of depression among those ex-
periencing poverty, unemployment, social isolation, or discrimination,
underscoring the influence of social stress and inequality in the etiology
of depression (Ezzy, 1993; Fryers et al., 2003). Such findings reinforce
that depression is not only a biomedical condition but also a socially
situated phenomenon, one deeply intertwined with community and
structural conditions.

There has been a growing movement toward interdisciplinary
frameworks integrating insights across the psychological, biological,
and social domains. An important example is the biopsychosocial
model, which advocates for a holistic approach that considers
biological processes, individual psychology, and socio-environmental
context in tandem (Engel, 1977). In other words, the biopsychosocial
perspective emphasizes that depressive disorders emerge from the
dynamic interplay of neurobiological factors, psychological char-
acteristics, and social context. Therefore, we grounded our study
in this framework, incorporating biological factors (genetic risk),
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psychological and behavioral factors (e.g., mental health history,
lifestyle, stress), and social factors (family and school) into a unified
predictive modeling approach. This kind of interdisciplinary strategy
aligns with broader calls in health research to bridge the gap between
causes of the causes (social-environmental determinants) and underlying
biology (Mabry et al., 2008). We further employ ML techniques not
only for their predictive power but also as a methodological bridge to
operationalize the holistic nature of the biopsychosocial model.

2.2. Machine learning and its role in depression research

ML has rapidly emerged as a powerful asset in depression research,
offering novel insights at both the population and individual clinical
levels. By leveraging large, complex datasets, ML models can detect
subtle patterns and interactions that are difficult to discern with tradi-
tional analytical methods. This capacity allows researchers to uncover
new facets of depression etiology and prognosis without being limited
to a priori hypotheses (Ahmed et al., 2019; Shatte et al., 2019). In ef-
fect, ML-based techniques extend and complement established research
methods, enabling analyses ranging from macro-scale public health
trends to micro-scale individual predictions. The value of these ap-
proaches lies in their flexibility and scalability: ML can integrate diverse
types of data — ranging from social media text and wearable sensor
readings to electronic health records (EHRs) and genomic profiles —
and identify complex associations within them, thereby providing a
more nuanced understanding of depression’s determinants and trajec-
tories. Importantly, these advances do not replace the insights gained
from conventional methods; rather, they augment and enrich them by
revealing patterns that might otherwise remain hidden.

Recent advances in machine learning have not only improved pre-
dictive performance but also enhanced our ability to interpret complex
models. Techniques such as SHAP (SHapley Additive exPlanations)
and LIME (Local Interpretable Model-agnostic Explanations) allow re-
searchers to “peek inside the black box” and gain insights into how
features contribute to model predictions. These interpretability meth-
ods enable the bridging of the gap between predictive accuracy and
explanatory power, which is particularly valuable in social science re-
search. For instance, Lundberg and Lee (2017) introduced SHAP values
as a unified framework for interpreting model predictions, demon-
strating their effectiveness in explaining output from a wide range
of machine learning models, including tree-based methods and deep
learning. Similarly, Ribeiro et al. (2016) introduced LIME, which ap-
proximates complex models locally with simpler, interpretable ones,
further enhancing the transparency of machine learning algorithms.

One of the most extensively studied contexts is social media, where
user-generated content serves as a rich source of behavioral and lin-
guistic signals. In a recent scoping review, 54 studies were identified
that used social media platforms to detect depression and anxiety
using natural language processing (NLP) and predictive modeling tech-
niques (Shatte et al., 2019). Chaudhury et al. (2013) demonstrated that
support vector machines (SVMs) trained on Twitter data labeled with
CES-D scores could detect depression-indicative posts with precision
above 80%, catalyzing a wave of research in this domain.

Beyond social media, ML models have been applied to data from
wearable sensors, voice and speech patterns, mobile phone usage,
and digital phenotyping to infer mood states in real-time (Low et al.,
2020; Mohr et al., 2017). In clinical research, multimodal ML ap-
proaches incorporating cortisol levels, brain activity (EEG), and struc-
tural neuroimaging have been used to distinguish depression from
anxiety, achieving classification accuracies ranging from 67% to over
90% depending on the input modality and model used (Frick et al.,
2014; Gao et al., 2020). Automated speech analysis, for instance,
has shown promise in identifying psychiatric symptoms, including de-
pressive affect and cognitive slowing, across clinical and non-clinical
samples (Low et al., 2020).
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EHRs represent another area for ML-driven depression prediction,
enabling early diagnosis and risk stratification based on medical his-
tory, prescriptions, and comorbidities (Del Pozo-Banos et al., 2021).
Similarly, recent efforts have explored the utility of omics data — in-
cluding genomics and proteomics — in identifying biological signatures
of depression using supervised ML models (Hirschfeld et al., 2022).
While these approaches demonstrate high predictive potential, they
also face challenges related to data availability, generalizability, and
clinical implementation.

From an algorithmic perspective, studies commonly report perfor-
mance metrics exceeding 70% accuracy for classification tasks involv-
ing depression and anxiety. While deep learning approaches such as
convolutional neural networks (CNNs) have achieved impressive results
(e.g., up to 96% classification accuracy in some studies Ahmed et al.,
2019), traditional models like random forests, SVMs, and decision
trees remain widely used due to their interpretability and robust-
ness (Chekroud et al., 2016; Chung et al., 2020; Sau & Bhakta, 2019).
The optimal algorithm often depends on the input features and problem
structure, with heterogeneous findings across data types and study
populations.

These advances underscore the versatility of ML in modeling de-
pression across diverse mental health outcomes and contexts, including
schizophrenia, bipolar disorder, and PTSD (Shatte et al., 2019). At
the same time, they emphasize the need for ongoing innovation in
real-world mental health prediction, particularly in general population
samples where access to clinical data may be limited. In contrast
to the growing body of work utilizing online behavior or clinical
biomarkers, our study employs ML on a large, nationally representative
survey dataset, providing new insights into individual-level predictors
of adolescent depression.

2.3. Integrating polygenic scores in depression prediction

Advances in genomics over the past decade have enabled re-
searchers to quantify genetic susceptibility to depression through PGS.
A PGS aggregates the small contributions of thousands of genetic
variants across the genome, each weighted by effect sizes identified in
GWAS. Depression, like most common mental disorders, has a highly
polygenic architecture: no single gene has a strong effect, but many
genes each contribute a tiny increase in risk. Family and twin studies
estimate that roughly 30%—-40% of the liability for major depressive
disorder is genetic in origin (Jansson et al., 2004; Keyes, 2005; McGue
& Christensen, 2003; Sullivan et al., 2000). Yet because the genetic
influence is spread over multiple loci, early attempts to use genetic
information for prediction were limited. Initial PGS for depression
explained less than 1% of variance in depressive symptoms (Musliner
et al., 2015).

As GWAS sample sizes have grown (now comprising hundreds of
thousands of individuals), the predictive power of depression PGS
has improved, but it remains modest. Contemporary PGS for major
depression can explain on the order of only 2%-3% of the variance
in depression liability (Plomin & Von Stumm, 2022). This is notably
lower than PGS for some other traits (for instance, schizophrenia
PGS is around 6% or educational attainment — around 11% of vari-
ance) (Plomin & Von Stumm, 2022), owing to the still elusive and
complex genetics of depression.

Given this modest standalone predictive power, a critical question
is whether incorporating a PGS for depression into multifactorial risk
models yields any meaningful improvement in prediction above and
beyond traditional risk factors. There is growing evidence that PGS
adds incremental value when combined with clinical or environmental
variables, albeit typically a small increment. For example, a recent large
study in the UK Biobank examined risk models for depression that
combined a PGS with early-life environmental risk factors (Lu et al.,
2023). The model integrating genetic and environmental predictors
achieved an Area Under the Receiver Operating Characteristic Curve
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(AUC) of about 0.68 for predicting major depression, compared to 0.66
with environment alone and 0.63 with PGS alone (Lu et al., 2023). In
other words, knowing someone’s PGS in addition to their childhood
exposures slightly improved the ability to identify who would develop
depression. While this improvement was statistically significant, the
authors noted that the magnitude of the gain was relatively small
(on the order of 1-3 percentage points in AUC). This pattern — small
additive benefit of PGS - appears to be a common finding in emerging
studies. It suggests that genetic data can sharpen risk stratification
slightly, perhaps helping to flag some high-risk individuals who would
not be identified by environmental risk factors alone. However, the
bulk of explainable risk still comes from non-genetic factors, at least
with current PGS accuracy.

3. The present study: An interdisciplinary approach

By combining theoretical grounds, analytic, and empirical tools
from sociology, psychology, computational genomics, and computer
science, we aim to provide insights that none of these fields could
achieve in isolation. Interdisciplinary and multilevel approaches are
critical for understanding and improving population health (Mabry
et al., 2008). Our work embodies this ethos by vertically integrating
data across multiple levels, utilizing information from DNA to indi-
vidual behaviors and social contexts, and applying novel analytical
techniques to predict depression.

In particular, we use a rich nationally-representative Add Health
study to predict early adulthood depression based on adolescent-level
predictors. By leveraging this longitudinal cohort, we can examine the
prediction of depression in a population-based setting (as opposed to
a clinical sample), thereby enhancing the relevance of our findings
to public health. The longitudinal design further allows us to test
predictive models at different life stages — for instance, predicting
depressive outcomes in adolescence versus young adulthood - to see
how prediction accuracy and important predictors might change as
individuals age. However, we pay critical attention to the adolescent
period because it is a developmental window where the first onset of
depression often occurs (Backes & Bonnie, 2019). Moreover, supervised
ML models allow us to integrate a wide range of survey-based and
biological data, including polygenic predictors.

A central aim of our study is to compare multiple ML models for
predicting depression, to determine whether more complex models
yield performance gains over simpler approaches in this context. We
focus on five modeling approaches that span a range from traditional,
interpretable methods in statistics to advanced, flexible state-of-the-art
deep learning algorithms: (1) Logistic Regression — a baseline statis-
tical model often used in epidemiology for binary outcomes, included
for its interpretability and as a benchmark; (2) Decision Tree — a tree-
based model that makes decisions by recursively splitting data into
subsets based on feature values to predict outcomes or classify data.;
(3) Support Vector Machine (SVM) — a kernel-based classifier known
for finding optimal boundaries in high-dimensional feature space; (4)
Extreme Gradient Boosting (XGBoost) — a powerful boosting algorithm
that builds trees sequentially to minimize errors, often leading to high
accuracy in structured data; and (5) Neural Network (Multilayer Per-
ceptron) — a feed-forward artificial neural net that can learn complex
function mappings given enough data. We directly assess the trade-off
between interpretability and predictive performance by training and
evaluating these models on the same prediction tasks. Our systematic
comparison addresses the inconsistencies in past studies, which have
used different data or outcome definitions. All models are applied
to the Add Health data under identical conditions. In doing so, we
aim to build models that are not only predictive but also broadly
generalizable across different sex population subgroups. Our emphasis
on interpretability, subgroup performance, and public relevance helps
advance the field toward practical applications in adolescent mental
health screening and early intervention.
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Our analytical framework follows the following stages with re-
spect to the environmental measures included in addition to genetic
predictions: First, using existing knowledge on the determinants of
depression collected from the literature (Remes et al., 2021; Solmi
et al, 2023; Thompson et al., 2024), we build a ML model that
takes into account the complex interaction between predictors while
avoiding the challenges of endogeneity (Verhagen, 2023). Previous
studies have often relied on inferential statistical methods to test single
association theories driven by theories about specific determinants of
depression (Bzdok et al., 2018; Yarkoni & Westfall, 2017). However,
the call for a comprehensive assessment of depression risk and the
application of statistical learning algorithms for prediction has been
widely echoed, also as a promising tool to aid clinical practice (Iniesta
et al., 2016; Iyortsuun et al., 2023; Richter et al., 2021; Yarkoni &
Westfall, 2017).

Second, we examined 97 predictor variables to maximize the pre-
diction of symptoms of depression. This allowed us to analyze patterns
and how they interact. Integrating ML and deep learning techniques
into predicting depression represents a promising opportunity to pro-
cess large amounts of high-dimensional data, where the number of
predictors exceeds the number of observations (Breiman, 2001). Using
powerful deep learning algorithms, such as neural networks, can excel
in identifying patterns and interactions within large datasets that are
often imperceptible using traditional statistical methods (Jordan &
Mitchell, 2015). Including a large number of environmental and genetic
variables to improve predictive care can help better personalize risk
assessments for depression (Richter et al., 2021).

Third, we compare the performance of the ML models to determine
which one is most suitable for the task, based on the highest AUC. Ad-
ditionally, we examine which features (questions) are most influential
in the prediction.

Fourth, we leverage both symptomatic indicators and self-reported
clinical diagnoses of depression available in the Add Health dataset to
address the limitations associated with measurement error discussed
earlier. By utilizing these complementary sources of information, we
aim to capture a more comprehensive and robust representation of
depressive symptomatology, thus mitigating concerns related to single-
source bias or underreporting in self-assessments alone. Subsequently,
we compare the symptomatic predictions with the self-reported clinical
diagnosis results.

Finally, and importantly, we integrate the PGS for depression into
the best model to test its added predictive value in this
social-environmental context. In practice, we compare model perfor-
mance across three scenarios: with the inclusion of PGS alongside
other traditional predictors (e.g., demographics, socioeconomic status,
life events, etc.), without PGS, and using only PGS data without any
environmental variables. This enables us to quantify the incremental
contribution of genetic information and assess whether this contribu-
tion differs by algorithm or sex. For instance, a complex nonlinear
model might capture gene-environment interactions in a way that
makes the PGS more useful, or conversely, a logistic regression might
already capture what the PGS offers through correlated environmen-
tal measures. By systematically evaluating this across algorithms, we
provide new evidence on how genetics might be integrated with ML
for mental health. If the PGS adds little to no improvement, that is a
valuable finding indicating that current genetic data might best be left
out of predictive tools (or that more powerful PGS are needed). If it
does add, we can determine under what conditions and by how much,
guiding future interdisciplinary work.

This study takes an initial step in assessing the viability of machine
learning models for predicting depression, offering a new perspective
beyond traditional approaches. Demonstrating this potential is a nec-
essary foundation for future work that could lead to clinically useful
tools to support earlier detection and timely intervention.
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4. Data

We used data from the National Longitudinal Study of Adolescent
to Adult Health (Add Health), a nationally representative U.S. cohort
followed over five waves spanning two decades (Harris et al., 2019).
Wave I (1994-1995) surveyed adolescents aged 12-18 in grades 7-12,
with follow-ups in Wave II (one year later), Wave III (ages 18-26),
Wave IV (24-32), and Wave V (32-42;2016-2018) (Dennis et al.,
2022).

Add Health provides rich longitudinal data on demographic, fa-
milial, social, school, behavioral, psychosocial, cognitive, and health-
related factors. Data were collected through participant and parent
surveys, as well as contextual information from schools, neighborhoods,
and residential areas. In-home assessments included physical measures,
medication use, biomarkers, and genetic data. Detailed study design
information is available in Harris et al. (2019).

This study draws on data from two waves of Add Health: the Wave
I In-Home Interview (Ny,; = 20,745), which includes comprehensive
environmental and psychosocial data collected during adolescence, and
the Wave IV In-Home Interview (Ny,, = 15,701), which includes self-
reported depressive symptoms and PGS for a subsample of respondents.
Because PGS are derived from GWAS conducted predominantly in
European populations, and predictive accuracy can be compromised
in diverse samples due to population stratification and differences
in linkage disequilibrium patterns, we restricted genetic analyses to
participants of European ancestry. This subsample comprised 5731
individuals (Npgs), or 62.8% of the genotyped respondents. Analytic
sample sizes varied depending on the wave and type of data used:
analyses drawing on adolescent predictors used the full Wave I sample,
while those incorporating depressive symptoms or genetic data used the
Wave IV and European ancestry subsample, respectively. The smallest
overlapping group, which combined data across waves or sources,
determined the analytic sample.

5. Measures
5.1. Self-report depressive symptoms

In Waves I and IV, participants completed items from the Center for
Epidemiologic Studies Depression Scale (CES-D) (Radloff, 1977). Wave
I included 19 items during adolescence, while Wave IV used a 10-item
version in adulthood. From these sources, we derived two depressive
symptom indicators: CES-D-based symptoms in adolescence (Wave I)
and CES-D-based symptoms in adulthood (Wave IV).

CES-D items measured the frequency of depressive symptoms over
the past week using a four-point scale (0-3), with higher scores indicat-
ing more severe symptoms. Total scores ranged from 0 to 57 in Wave I
and 0 to 30 in Wave IV. Participants with up to four missing items were
retained, and scores were rescaled based on the number of completed
items to ensure comparability (Radloff, 1977).

The distribution of the CES-D is shown in Fig. 1. Panel (a) for Wave
I (19 items) and Panel (b) for Wave IV (10 items). Adjusted thresholds
of 15 (Wave I) and 8 (Wave IV) indicate elevated depressive symptoms,
based on the original CES-D guidelines.

To construct outcome variables, we categorized participants into
binary groups reflecting depressive symptom severity. For both Wave I
and Wave 1V, individuals with CES-D scores below the wave-specific
threshold were classified as having lower depressive symptoms. In
comparison, those with scores at or above the threshold were classified
as having higher depressive symptoms.

In Wave I, analysis of the 19-item CES-D scale showed that 75%
of participants were classified as having lower depressive symptoms,
while 25% met the threshold for higher depressive symptoms. In Wave
IV, using the 10-item CES-D scale, 21% of participants were classified as
having higher depressive symptoms, and 79% fell below the threshold.
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Fig. 2. Age of Depression. Calculated from the retrospective report.

5.2. Moving beyond symptomatic data

In Wave 1V, participants were asked: “At what age did a doctor,
nurse, or other healthcare provider diagnose you with depression?”
(question H4ID6H). A total of 2394 (15%) individuals reported having
received a clinical diagnosis of depression at some point in their lives.

As shown in Fig. 2, 3.1% of the total diagnoses occurred during
childhood, 40.4% during adolescence, and 56.5% during adulthood.
These findings suggest that while the majority of depression diagnoses
emerged in adulthood, a substantial proportion was already evident
by adolescence, highlighting the importance of early identification and
intervention.

To evaluate how early-life psychosocial and environmental factors
predict clinically diagnosed depression, we applied the best-performing
algorithm - identified during the depressive symptom analysis — to the
full Wave IV sample, which includes both sexes. We focused on two
distinct outcomes based on retrospective self-reported clinical diagnosis
data from the Add Health study: (1) depression diagnosed during
adolescence, and (2) depression diagnosed in adulthood.

5.3. Environmental factors

Add Health Wave I includes a wide range of environmental vari-
ables, distributed across 39 separate questionnaires covering diverse

domains of adolescent life. To guide our selection of predictors, we fol-
lowed frameworks based on the social determinants of mental health,
as well as the biological, psychological, and social determinants of
depression (Kirkbride et al., 2024; Remes et al., 2021; Thompson et al.,
2024), ensuring comparability and grounding our analysis in estab-
lished empirical practices. Depressive symptoms were not included
in the prediction, mental health-related items were incorporated, and
their impact was subsequently evaluated in sensitivity analyses.

The complete list of environmental factors used in the analysis is
provided in the Supplementary material (Section 1.1). In total, we
included 72 environmental variables for male participants and 75
for female participants. The difference reflects the presence of sex-
specific questions in the survey instruments, including items related
to menstrual health, experiences of sexual coercion, and pregnancy
outcomes.

5.4. Polygenic scores

We included 19 PGS for male participants and 21 for female partic-
ipants. The difference reflects the inclusion of two sex-specific scores
in females: age at menarche and age at menopause. It is worth noting
that PGS for MDD was also included as a predictor. We included a broad
range of polygenic scores that have been phenotypically associated with
depression. A complete list of all polygenic scores used is provided in
the Supplementary material (Section 1.2).

We used the standardized polygenic scores available in Add Health
(Release 2). These scores were constructed by the Add Health research
team using published GWAS summary statistics and were standardized
within genetic ancestry groups to account for population stratification.
All scores were used as provided, without re-estimation or parameter
modification, following the procedures described in the Add Health
Polygenic Scores User Guide.!

6. Methodology

To assess the effectiveness and applicability of ML models, we
developed five supervised learning models to predict depression
outcomes, ranging from traditional statistical models to state-of-the-
art deep learning methods. These included four machine learning
algorithms - logistic regression, decision trees, eXtreme Gradient

1 https://addhealth.cpc.unc.edu/wp-content/uploads/docs/user_guides/
WavelVPGSRelease2UserGuide.pdf
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Fig. 3. Illustration of the models used. Three inputs, three sex stratifications, six ML models (SVM with two kernels), and two outputs. The best performance

model was extended to compare with clinical depression and PGS.

Boosting (XGBoost), and support vector machines (SVMs) — and one
deep learning model, a feedforward neural network. For more details
on the models and the study pipeline, refer to the Supplementary
material, Section 2. Each model was trained to predict two distinct
binary outcomes: higher versus lower depressive symptoms, using
CES-D-19 scores from Wave I and CES-D-10 scores from Wave IV.

All models were trained using data from Wave I. Thus, analyses
involving Wave I data are considered concurrent (Wave I — Wave I),
while those involving Wave IV data are considered prospective (Wave
I - Wave IV). Participants not present in Wave IV were excluded only
from the prospective analysis.

Model performance was evaluated using two standard metrics: the
Area Under the Receiver Operating Characteristic Curve and classifica-
tion accuracy. The receiver operating characteristic (ROC) curve is a
widely used tool for evaluating the performance of binary classifiers.
It plots the true positive rate (TPR) against the false positive rate
(FPR) across all possible decision thresholds. The area under the ROC
curve (AUC) provides a single scalar summary of classifier performance,
representing the probability that the classifier ranks a randomly chosen
positive instance higher than a randomly chosen negative one. An AUC
of 0.5 indicates performance equivalent to random chance, whereas
higher values reflect greater discriminative ability. These metrics en-
abled us to compare model performance across different algorithmic
approaches, feature sets, and sex-specific subsamples.

The selection of models is based on their capacity to capture both
linear and non-linear relationships within the data. Each model offers
distinct advantages. Logistic Regression is favored for its simplicity,
interpretability, and low computational cost (Boateng et al., 2019). In
contrast, decision tree-based and gradient boosting models are well-
suited for modeling complex, non-linear patterns in the input fea-
tures (Bader et al., 2024; Xin & Ren, 2022). Support Vector Machines
(SVMs), employing both linear and Radial Basis Function (RBF) kernels,
are particularly effective in handling high-dimensional datasets (Son
et al., 2010; Unnikrishnan et al., 2016). Neural networks, in theory,
possess a greater potential for predictive power due to their ability to
model complex, hierarchical data relationships. This makes them par-
ticularly promising for tasks such as depression prediction. However,
a significant drawback is that neural networks might underperform
compared to simpler models when the dataset is limited or lacks
sufficient diversity, as they require large volumes of data to effectively
capture intricate patterns.

This factorial design resulted in 54 total models (6 algorithms x 3
input sets x 3 sex strata), as shown in Fig. 3, SVM is tested twice,
once with a linear kernel and once with a non-linear kernel. To further
explore the best-performing model, we conducted four additional anal-
yses. First, we evaluated its performance against two clinical depression
outcomes: self-reported diagnoses in adolescence and adulthood. Those
values are reconstructed from self-reported diagnoses in Wave IV.
Second, we examined feature importance to identify the most influen-
tial risk factors (concurrent and prospective). Third, we assessed the
contribution of genetic information by comparing model performance
with and without polygenic scores. Fourth, we conducted a sensitivity
analysis to assess how the results were affected by removing (a) phys-
ical and mental health items closely related to depression and (b) only
including the polygenic score for major depressive disorder.

The code is available at the author’s GitHub.?

6.1. Pre-processing

The following pre-processing steps were performed on all subsets
Nw1> Ny, and Nppg.

The first step is to impute the missing data. Any missing data (NaN)
will be attributed to a value. Several questionnaires offer the options
“refused”, “legitimate skip”, and “don’t know”. We treated them as
missing data. The highest missingness rates for males and females are
for the question “Enough money for bills”, at 12.4%. We replaced
missing values in categorical data with the feature’s most frequent
value. For numerical data, we used the K-Nearest Neighbors algorithm
to impute the data (Cover & Hart, 1967).

The second step involved data processing. We initially applied
dummy coding and one-hot encoding to the categorical variables.
However, these transformations yielded an AUC score similar to that
obtained using the original, unmodified categorical data. We applied
Min-Max scaling to normalize the numerical data to the range of 0
to 1, a common approach for non-Gaussian distributions (Han et al.,
2012). After imputation, the dataset was split into training (80%) and
test (20%) sets for the ML models (excluding the neural network). For
the deep learning model (neural network), the dataset was partitioned
into training (70%), validation (15%), and test (15%) sets.

More details of the imputation process are found in Supplementary
Material, Section 2.1.

2 https://github.com/rafzgz/ML-add-health-depression
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Table 1
Summary of the hyperparameters by model.
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Model Hyperparameters

Notes

Logistic Regression
- Solver: ‘Ibfgs’
— tol = 1074
— max_iter = 100

— C = 1.0 (inverse regularization strength)

L2 regularization used; solver settings
for convergence

Decision Tree — min_samples_split =75

— min_samples_leaf = 150

Controls tree complexity to reduce
overfitting

XGBoost — max_depth Grid search used; tuned for
— learning_rate generalization and overfitting control
— n_estimators
— subsample
— colsample_bytree
SVM — C (regularization) Balance between flexibility and

— y (for RBF kernel)
— Kernel: linear or RBF

generalization

Neural Network — Hidden layers: 2-6
— Neurons per layer: 32-512
— learning_rate: 1074 to 1072

— Dropout applied

Random search used; final model
selected based on validation performance

6.2. Hyperparameters

Hyperparameters are configuration settings that control the learning
process of machine learning and deep learning models. Unlike model
parameters, which are learned during training, hyperparameters are
specified before model fitting and influence key aspects such as model
complexity, learning rate, regularization, and architecture. Their selec-
tion has a critical impact on model performance and generalizability to
unseen data.

We tuned hyperparameters for all five models — logistic regression,
decision tree, XGBoost, SVM, and neural network — using grid search
or randomized search approaches, depending on the model and compu-
tational feasibility. More information about the model’s characteristics
is provided in the Supplementary material, Sections 2.2 to 2.6. Table
1 has information about the hyperparameter search. We tested every
possible combination of the hyperparameters. Final configurations were
selected based on performance on a validation set to ensure generaliz-
ability. To ensure stability, each configuration was trained 3 times. A
detailed explanation of the hyperparameter search is provided in the
Supplementary material, Section 2.7.

6.3. Training

All models were trained on the training dataset, with hyperparam-
eters selected via cross-validation or grid search. For the decision tree,
XGBoost, and SVMs, we employed 5-fold stratified cross-validation to
ensure that each fold preserved the distribution of the outcome classes.
This approach helped optimize model performance while mitigating
overfitting. Accuracy was monitored during training as a conventional
performance indicator, and model comparison.

The neural network was trained using multiple independent runs to
ensure stability of results, given the stochastic nature of deep learning.
Additionally, during training, the model’s performance was evaluated
on a held-out validation set after each epoch. This allowed for early
stopping and monitoring of generalization performance across epochs,
further reducing the risk of overfitting.

6.4. Evaluation and feature importance

The final performance was evaluated on an independent, unseen test
set following model training and hyperparameter tuning. This evalua-
tion step is critical for assessing the model’s generalization ability to
new data and provides an unbiased estimate of predictive performance.
We minimized the risk of overfitting by isolating the test set from both
training and validation procedures.

We used accuracy as the evaluation metric for the loss function. We
applied 1000 bootstrap resamples of the test set for each model to assess
the stability and variability of model estimates. This resampling ap-
proach enabled us to compute confidence intervals for model accuracy,
offering a robust estimate of performance uncertainty. While accuracy
provides a general measure of correctness, AUC offers a more infor-
mative metric for binary classification by capturing the model’s ability
to discriminate between classes independently of threshold choice.
Therefore, AUC was chosen as the primary performance metric.

To interpret model predictions and assess the relative contribution
of input variables, we employed feature importance. In the case of
XGBoost, we calculated the feature importance using the ‘gain’ metric,
which refers to the average contribution of each feature to the reduc-
tion in the model’s objective function, measured across all the trees
in the model. This metric highlights the features that most effectively
improve the model’s predictive accuracy by quantifying their impact on
the loss function during training. When interpreting the ‘gain’ scores,
higher values indicate features that play a more significant role in
the model’s decision-making, providing valuable insights for feature
selection and model optimization.

7. Results
7.1. Prediction of depressive symptoms

We evaluated the performance of Logistic Regression, Decision Tree,
SVM, XGBoost, and Neural Network models in predicting concurrent
adolescent depression symptoms (Wave I — Wave I). We found that XG-
Boost was the most robust overall performer for both sexes, as shown in
Fig. 4. The AUC (top panel) for XGBoost 0.845 (95% CI: 0.825-0.863)
was significantly higher than that of the second-best model, SVM (RBF)
0.833 (95% CI: 0.814-0.851), as indicated by a DeLong’s test with
a z value of 3.735 and a p < 1073. Whereas the Decision Tree had
the lowest overall performance, at 0.773 (95% CI: 0.751-0.795). The
XGBoost was the most accurate in its predictions (bottom panel), with
an accuracy of 0.809 (95% CI: 0.793-0.827). It was followed by SVM
(linear kernel) 0.805 (95% CI: 0.788-0.820) and Logistic Regression
0.804 (95% CI: 0.787-0.822). The Decision Tree was the least accu-
rate, with an accuracy of 0.778 (95% CI: 0.759-0.796). Notably, even
though the values themselves change, for each model when comparing
AUC, the only female model has the best performance, followed by
the whole sample, and only males. When comparing XGBoost with the
benchmark, Logistic Regression, the improvement was approximately
0.020, with a DeLong’s test of (z = 3.517,p < 1073).

Using XGBoost, we show that the top predictors of concurrent
adolescent depression mostly reflect how a young person feels about
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Fig. 4. Comparison of algorithms for predicting depressive symptoms in both the concurrent (Wave I — Wave I) and prospective (Wave I — Wave IV) models,
stratified by sex (both sexes, male, and female). The area under the curve (AUC) is presented at the top, while the accuracy metric is shown at the bottom. Error
bars were generated using bootstrapping with 1000 iterations, with a 95% confidence interval (CI).

themselves and co-occurring somatic symptoms. Fig. 5 (left) shows the
ten most important predictors of depressive symptoms at Wave I, based
on their average gain of a feature when it is used in a tree split, in the
entire sample. Feeling loved and wanted was the strongest predictor of
concurrent adolescent depression (importance score of 85). This was
followed by feeling physically weak, liking yourself, and feeling like
you are doing everything just right.

The analysis was repeated to predict depression in adulthood, re-
ferred to as the prospective modeling (Wave I — Wave IV). Again,
XGBoost was the most robust overall performer, as shown in Fig. 4. The
AUC was highest for XGBoost 0.661 (95% CI: 0.647-0.674), followed
closely by SVM with an RBF kernel 0.659 (95% CI: 0.645-0.673).
Logistic Regression also performed competitively, with an AUC of 0.647
(95% CI: 0.632-0.662), while the Decision Tree had the lowest AUC,
0.621 (95% CI: 0.607-0.635). Although the specific values differed, the
overall performance trends were consistent across both sexes.

To better understand XGBoost’s predictive power, we examined the
top-ranked questions based on their average gain importance scores
(Fig. 5 - left). Notably, 'Feel love and wanted’ was again the most rele-
vant question. Additionally, eight of the ten questions from adolescence
also appeared in the depressive symptoms in adulthood.

Additional graphs, including the ROC-AUC curve, confusion ma-
trix, histogram of bootstrap samples, feature importance for other
models, and rank concordance between models, are presented in the
Supplementary Material, Section 3, Supplementary Figures 2-9.

To prioritize interpretability, we primarily use gain-based feature
importance, which provides a straightforward measure of each feature’s

contribution to model performance. As an additional robustness check,
we also computed SHAP (SHapley Additive exPlanations) values for a
subset of models (Lundberg & Lee, 2017). SHAP offers a more granular,
instance-level decomposition of feature contributions, enabling us to
assess both the direction and magnitude of each feature’s effect on
individual predictions. The detailed SHAP results are available in Sup-
plementary Material, Section 3.1, Supplementary Figures 10 and 11. As
expected, strong disagreement with “I feel loved and wanted” and “I
do everything just right”, and other items in the feeling scale, were
associated with an increased predicted risk of depressive symptoms.
Similarly, reporting fewer physical health symptoms was associated
with a decreased predicted risk of depressive symptoms.

7.2. Predicting clinical diagnoses of depression

We were able to extend the model prediction to accurately clas-
sify which participants reported a clinical diagnosis of depression in
adolescence (N = 967) and adulthood (N = 1352). XGBoost showed
strong predictive performance for both periods, achieving an AUC of
0.788 (95% CI: 0.753-0.818) in adolescence and an AUC of 0.636
(95% CIL: 0.602-0.668) in adulthood. We show that despite the tem-
poral gap of over a decade, early-life psychosocial factors retain a
meaningful, albeit attenuated, predictive signal for adult depression.
Fig. 5 (right) illustrates the most relevant questions for predicting
clinical depression, as assessed by self-reports in Wave IV during both
adolescence and adulthood. Unlike depressive symptoms, reports of
clinical depression showed different predictive factors in adulthood
compared to adolescence.
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Fig. 5. top 10 feature importance (most important questions) in the XGBoost model: (left) CES-D 19 Wave I and CES-D 10 Wave IV; (right) retrospective report

for clinical depression.

7.3. Integrating polygenic scores into depression prediction

We tested three model configurations using XGBoost: (1) environ-
mental factors only, (2) polygenic scores only, and (3) a combined
model including both data. Prediction performance was evaluated at
two time points: concurrent prediction in adolescence (Wave I —» Wave
I) and prospective prediction in adulthood (Wave I — Wave IV). We
adjusted the environmental input sample by removing entries that did
not appear in the other two samples, ensuring a fairer comparison
across all inputs. A comparison using the full sample is shown in the
Supplementary Material, Section 3.2, Supplementary Figure 12. We
found no performance difference in AUC between the environmental-
only and combined models, using the whole sample, across Wave I
(DeLong’s test, t = 0.47, p = 0.6) and Wave IV (DeLong’s test, t = 0.80,
p = 0.4) (Fig. 6). A model based solely on polygenic scores performed
only marginally better than chance (AUC ~ 0.500) at Wave I and even
worse than random chance in Wave IV. No meaningful differences were
observed between sex-specific models across both Waves.

7.4. Sensitivity analysis

To assess the robustness of the XGBoost model for both sexes, we
conducted two additional sensitivity analyses. The results are shown
in Table 2. First, we compared the inclusion of all PGS with only
the MDD PGS for both Wave I and Wave 1V, finding no statistically
significant differences. Next, we examined the impact of including or
excluding physical and mental health items related to depression. A
complete list of the items excluded in each analysis is provided in
Supplementary Material, Section 3.3. Excluding physical health items
did not significantly affect Wave I, but led to a notable increase in Wave
IV. Regarding the exclusion of mental health-related items, removing
them significantly reduced predictive power in Wave I, though not
as much as anticipated. In Wave IV, exclusion of these items had no
impact. Overall, the removal of both physical and mental health items
reduced predictive power in both waves. We also conducted a feature
importance analysis for models that showed significant differences from

10

the base model, with their corresponding graphs presented in Supple-
mentary Material, Section 3.3, Supplementary Figure 13. Feeling loved
and wanted remained the top predictor. The sensitivity analysis feature
importance closely mirrored the base model, highlighting the model’s
consistency and reliability. However, when physical and mental health
items were excluded, forced sex emerged as a significant predictor of
depressive symptoms.

8. Discussion

This study integrated computational, genetic, and social science
perspectives to predict symptom and clinical reports of depression in
adolescence and adulthood. We leveraged data from the first Wave of
a large nationally representative US longitudinal cohort (Add Health)
to compare the performance of several machine learning models, each
with increasing levels of complexity: Logistic Regression, Decision
Trees, Support Vector Machines, XGBoost, and Neural Networks. XG-
Boost outperformed all other models across outcomes and subsamples.
However, this gain was marginal compared to the benchmark Logistic
Regression model (0.02 increase in AUC). We then explored the ben-
efits of the best-fitting model (XGBoost) to determine which factors
were most predictive of depressive symptoms. We found that factors
that capture feeling loved and accepted, as well as physical stress
indicators, were the strongest predictors of depressive symptoms in
both adolescence and adulthood. Different factors emerged as the most
influential for reporting a clinical diagnosis, with stressful or traumatic
life events being the most predictive. However, this relationship dif-
fered between adolescents and adults. In adulthood, female-specific
factors and trauma, such as forced sex and family member attempted
suicide, were most predictive, whereas in adolescence, sex, race, and
trauma were most predictive. In both cases, psychological counseling
was the most predictive. As such life-changing and traumatic events
often precede the onset of depression, these findings highlight the
importance of regular and ongoing mental health assessments, facil-
itated by universal access to affordable, high-quality care across the
life course. Furthermore, including genetic risk indexed by multiple
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Fig. 6. The AUC for the 18 different input configurations. The graph does not display the polygenic score for Wave IV because the results are worse than those
expected by chance. The error bars were created using Bootstrapping for N = 1000, with a 95% confidence interval (CI). The environmental data is reduced to
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Table 2
Sensitivity analysis.

Wave Sensitivity AUC Base AUC deLong Test

I MDD PGS 0.835 (0.799-0.869) All PGS 0.844 (0.811-0.881) z=162,p=0.1
I\ MDD PGS 0.667 (0.649-0.684) All PGS 0.673 (0.634-0.689) z=040,p=0.7
I Excluded Physical 0.844 (0.826-0.863) All Envi 0.845 (0.825-0.863) z=081,p=04
v Excluded Physical 0.666 (0.655-0.676) All Envi 0.661 (0.647-0.674) z=258,p<0.05
I Excluded Mental 0.838 (0.819-0.857) All Envi 0.845 (0.825-0.863) z=3.20,p <0.05
v Excluded Mental 0.666 (0.656-0.677) All Envi 0.661 (0.647-0.674) z=-0.35p=07
I Excluded M. and P. 0.828 (0.808-0.847) All Envi 0.845 (0.825-0.863) z=13.39,p <0.05
v Excluded M. and P. 0.656 (0.645-0.666) All Envi 0.661 (0.647-0.674) z=4.19,p <0.05

PGS did not significantly improve model fit for depressive symptoms
both concurrently and longitudinally. This suggests that while genetic
factors play a role in depression, they do not add substantial predictive
value beyond the environmental and psychological factors captured in
our models. The top predictors remained consistent across sensitivity
analyses, whereby we removed sets of physical and mental health-
related items, with 'feeling loved and wanted’ continuing to be the top
predictor. However, ’forced sex’ then emerged as a significant predictor
in the depressive symptoms model in both adolescence and adulthood.
These results demonstrate the stability of our model and the importance
of psychosocial factors in predicting depressive symptoms, while also
highlighting the nuanced role of certain life experiences in shaping
these outcomes.

To benchmark the value added of our study, we compared the AUC
values obtained in our study with those from a prior research that uti-
lized Add Health data to predict short-term adolescent depression. This
earlier study employed boosted classification and regression techniques
to forecast depression one year later using a 20-item index, achiev-
ing an AUC of approximately 0.80 (Voorhees et al., 2008). We also
compared our results with those of (Lu et al., 2023), which reported
an accuracy of about 0.68 for predicting major depression, compared
to 0.66 with environmental data alone and 0.63 with PGS alone.
In comparison, our models demonstrated higher predictive accuracy,
suggesting that incorporating a broader set of predictors and leveraging
more complex machine learning methods can enhance the identifi-
cation of adolescents at risk of depression. Moreover, we observed
statistically significant, though modest, gains over the benchmark lo-
gistic regression commonly used in the social sciences, consistent with

11

improvements reported in other studies. Some reports suggest that
XGBoost is suitable for large cohort studies on mental health (Liu et al.,
2023; Sharma & Verbeke, 2020; Smith et al., 2025). However, others
have demonstrated that ML approaches, such as SVM, do not provide a
substantial benefit in model fit over traditional regression approaches
when applied to predict schizophrenia (Bracher-Smith et al., 2022). Due
to the small sample sizes available in longitudinal, epidemiological co-
horts like Add Health, our findings caution against universally adopting
ML methods in these datasets just yet, since logistic regression currently
performs about as well as our ML methods. However, one potential
benefit of ML methods is the ability to obtain importance scores, which
can provide insights into predictor variables. With more sophisticated
methods or larger sample sizes in the future, the utility of these models,
including their interpretability, will likely significantly improve.

We demonstrate that using key indicators of depression risk, logistic
regression is nearly as effective as more complex ML models. How-
ever, to achieve optimal predictive performance, more sophisticated
ML approaches are necessary. This highlights both the applicability
and feasibility of complex ML models for capturing multifactorial pat-
terns of depression risk in large cohort datasets. This is supported
by recent advances in ML and artificial intelligence research, which
are reshaping the landscape of psychiatric research and clinical prac-
tice (Chen et al., 2022). The individual-level prediction demonstrated
in this study enables a more individualized and data-driven approach
to diagnosis. A systematic review (Meehan et al., 2022) found that
prediction models are often biased, demonstrate overfitting, and have
limited generalizability. Here, we aimed to reduce bias by employing



R. Geurgas et al.

multiple machine learning methods and various model configurations.
To mitigate overfitting, we utilized cross-validation and regulariza-
tion techniques. Finally, we used a nationally representative cohort to
maximize the generalizability to the US population. Overall, applying
machine learning models to large cohorts is necessary to achieve an
optimal prediction of self-reported depressive symptoms.

The most influential factors in this study for predicting self-report
depressive symptoms in both adolescence and adulthood were self-
perception and general health. These findings align with previous
research, as shown in studies on stigma’s impact on health (Hatzen-
buehler et al., 2013), cognitive therapy’s effectiveness in treating mood
disorders (Beck, 2005), and psychological interventions for depres-
sion prevention in youth (Hetrick et al., 2016). Studies show that
a young person’s self-perception is a key contributor to well-being
during adolescence and is associated with improved long-term health
outcomes (Hoyt et al., 2012). Somatic symptoms during adolescence
can independently predict severe mental illness in adulthood, even in
the absence of diagnosed anxiety or depression (Bohman et al., 2018).
Extensive research has demonstrated a strong link between physical
and mental health, with conditions such as poor general health often
co-occurring with depressive symptoms (Fiorillo et al., 2023). Child-
hood adversity is another potent risk factor for adult depression, with
emotional abuse, neglect, and other traumas increasing vulnerability
through cumulative exposure to stressors over the life course (Korkeila
et al., 2010). Such adversities not only elevate the risk of later depres-
sion but also increase the likelihood of experiencing additional adverse
events in adulthood, increasing mental health challenges. These find-
ings suggest that interventions addressing both self-perception and
general health from an early age could play a critical role in preventing
depressive symptoms across the lifespan, particularly in the face of
childhood adversity and physical health challenges.

Traumatic and life-altering events were most predictive for self-
reports of a depression diagnosis from a clinician, which differed from
our findings based on depressive symptom counts from the CES-D. This
supports the notion that early trauma can contribute to the develop-
ment of depression in adulthood (Mandelli et al., 2015; Negele et al.,
2015). The distinction between self-reports of a depression diagnosis
and depressive symptoms in our findings likely stems from differences
in both severity and the diagnostic criteria used to define each con-
dition. Clinical depression, typically diagnosed through standardized
diagnostic criteria, involves the same symptoms as self-reported de-
pressive symptoms, but with the additional requirement of symptom
persistence (lasting at least two weeks) and a substantial impact on
daily functioning. These symptoms are often more severe, with indi-
viduals generally seeking medical attention only when the depression
significantly disrupts their ability to function. Clinical depression is also
frequently linked to significant life events, such as trauma or other
life-altering experiences, which can profoundly affect an individual’s
psychological functioning and contribute to the onset and exacerbation
of depressive episodes (Mandelli et al., 2015). In contrast, self-reported
depressive symptoms tend to capture a broader spectrum of emotional
distress, which changes day to day and may not meet the clinical
threshold for a formal diagnosis. As such, while trauma and life-altering
events are key factors in clinical depression, they may not be as relevant
in predicting self-reported depressive symptoms, where self-perception
often emerges as a more potent predictor.

Many of the top predictors in the model, such as “feeling loved
and wanted” and “like self as are”, reflect aspects of emotional and
social well-being that are closely intertwined with depression (Cohen
& Wills, 1985; Orth et al., 2008). These factors are known to be
highly correlated with depressive symptoms and could function as early
indicators of mental health distress. Many studies have shown the
association between depression and constructs like self-esteem, social
connectedness, and perceived support from family and peers (Keane
& Loades, 2017). By incorporating such predictors, we aimed to cast
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a wide net and capture the multifaceted nature of adolescent well-
being, recognizing that the onset of depression may not always present
with clearly defined clinical symptoms early on. Furthermore, factors
closely related to depression may serve as modifiable targets for early
interventions, offering a more nuanced approach to identifying ado-
lescents at risk as they provide insights into the context of depressive
symptomatology, which may not be fully captured by clinical indicators
alone.

The addition of PGS did not substantially improve the prediction
of depressive symptoms. During adolescence, the prediction gain was
not significant, whereas in adulthood, the increase was marginal. This
was even the case when only including the polygenic scores for major
depressive disorder. We emphasize that genetic influence has a modest
effect in comparison with the environment. These gains are significant
but may not be particularly useful in identifying who is most at risk.
Similar findings were also reported from a review of longitudinal risk
factors for depression, highlighting the role of social support, physical
health comorbidities, and community engagement (de Sousa et al.,
2025). This limitation is not exclusive to depression, but has also been
reported to have limited predictive value for well-being outcomes, as
it did not improve the prediction model beyond environmental and
psychosocial factors (Pelt et al., 2024). The specific exposome, which
encompasses factors such as personality, optimism, and social support,
was by far the most predictive of well-being.

This work is subject to several limitations. First, although XGBoost
achieves strong performance, it is less interpretable than traditional
statistical models, which complicates insight into causal mechanisms.
Additionally, the use of XGBoost’s gain-based feature importance may
be biased by correlated predictors, potentially distorting the actual
contributions of individual variables. Second, the temporal distance be-
tween predictors and long-term outcomes introduces substantial noise
due to unmeasured life events, shifting environments, and personal
experiences. Third, all diagnoses were self-reported and may be influ-
enced by differential access to healthcare, stigma, or recall bias. Fourth,
the absence of improvement from polygenic scores may reflect current
limitations in their construction, transferability, or predictive relevance
across diverse populations, as well as the sample size and power
when working with PGS. It is worth noting that we were only using
European-like ancestries when working with genetic data, which limits
the generalizability of our findings to other ancestries. Finally, while
machine learning models have shown promise in predicting clinical
outcomes, their application in routine clinical practice is premature.

This study demonstrates the potential of machine learning mod-
els to predict depression using comprehensive datasets, such as Add
Health, which encompass both environmental and genetic factors. How-
ever, translating these findings into clinical practice requires careful
consideration, as depression in real-world settings is primarily diag-
nosed through symptom assessments, medical records, and self-reports
(e.g., PHQ-9 or CES-D). As highlighted by Meehan and Danese (2021),
challenges such as generalizability, interpretability, and clinical utility
must be addressed before machine learning models can be reliably
implemented in healthcare settings. While our models perform well
with rich, multidimensional data, they must be adapted to the more
limited, symptom-based data typically available in clinical settings. To
bridge this gap, future research could focus on developing a model
that enhances the feasibility of applying this methodology in clinical
settings. A limitation of the current approach is the requirement for new
patients to complete a full set of 72 or 75 survey questions (for males
and females), which may not be practical in clinical environments due
to time constraints and patient burden. To address this, one possible
solution would be to reduce the number of questions by applying a “rel-
evance threshold” to select for those with higher feature importance,
while removing those deemed to have low relevance. Additionally,
PGS could be excluded, as they are not fit for clinical settings and
did not substantially improve model performance. By streamlining the
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questionnaire through this targeted selection process, the model could
become more feasible for clinical implementation.

Another potential avenue for extending future research could ex-
plore the application of these models to larger cohorts, such as the
UK Biobank. This approach would allow for non-linear interactions
between a greater number of variables, potentially yielding more ac-
curate predictions and highlighting a bigger gap between Logistic
Regression and more complex models. Although biological data did
not enhance prediction in this study, combining psychosocial data with
larger datasets may reveal more complex relationships and improve
the understanding of depression’s etiology. Additionally, incorporating
time-to-event or age-of-onset analyses could help capture temporal
dynamics and distinguish short- from long-term risk trajectories of
depression.

For social scientists working with smaller datasets, traditional meth-
ods like Logistic Regression remain valuable for capturing key pre-
dictors without the complexity of machine learning models. Moving
forward, advancing life-course models of mental health risk will depend
on leveraging larger and more diverse datasets to clarify how psychoso-
cial and environmental factors influence depression over time, with the
aim of creating practical tools for early detection and prevention.

In conclusion, our findings underscore the predictive strength of
psychosocial data collected in adolescence for identifying individuals
at risk of depression, particularly in the short term. However, predict-
ing long-term depression in adulthood remains more challenging. For
depressive symptoms, the prediction for adolescents and adults aligns
with the most important factors, such as self-perception and general
health; this is not the case for clinical depression, where trauma and
life-altering events play a larger role. Since our top findings align with
existing literature on the predictors of depression, it is also possible that
lower-ranked predictors may show meaningful correlations with de-
pression diagnoses and warrant further investigation. Furthermore, the
lack of added value from polygenic scores in this study suggests that,
for early screening efforts, prioritizing contextual and environmental
data may be more effective than genetic factors.
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