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Abstract
Bipolar disorder (BD) often emerges during adolescence with an average seven-year diagnostic delay
associated with substantial burden and mortality. Determining whether BD risk factors form interpretable
subgroups in childhood may inform earlier BD risk stratification and diagnosis. This study sought to
identify how multidomain childhood BD risk factors cluster in a population-based cohort, and test
whether clusters were prospectively associated with adolescent BD emergence. Leveraging baseline, 2-,
4-, and 6-year follow-up data from 11,868 youth in the Adolescent Brain Cognitive Development study,
baseline risk features spanning clinical/prodromal, familial, neurocognitive, and environmental domains
were clustered using k-prototypes. Primary outcomes were BD-I, BD-II, BD not otherwise specified, and
any bipolar spectrum disorder (BSD), as derived from the KSADS-COMP. Pooled logistic discrete-time
hazard models estimated BD onsets, and generalized estimating equations estimated BD prevalence
over time. Complete baseline risk data from 9,193 participants yielded a stable 2-cluster solution,
comprised of higher (n = 1,391) and lower (n = 7,802) risk clusters. Higher-risk membership was
associated with greater BSD onset odds, (OR = 2.74, 95% CI [2.21,3.41], p< .001). By year-6, cumulative
BSD risk was 19.7% in the higher-risk cluster versus 7.9% in the lower-risk cluster (RR = 2.50, 95% CI
[2.06,3.03], p< .001). Higher-risk membership was also associated with greater BSD occurrence across
follow-ups. In summary, multidomain childhood BD risk variables showed a stable 2-cluster profile that
prospectively stratified adolescent BSD. Nearly 1 in 5 youths in the higher-risk cluster developed a BSD
by mid-adolescence. This empirically derived framework provides a foundation for future BD risk
stratification and external validation.

Introduction
Bipolar disorder (BD) often emerges during adolescence1, a developmental period marked by rapid

biological, social, and environmental change that can complicate diagnostic clarity2. The average delay
from first onset of BD symptoms to accurate diagnosis is approximately 7-years2. Diagnostic ambiguity
likely contributes to this delay, as early BD symptoms overlap with other psychiatric presentations and
may initially manifest in non-specific ways. During this delay in receiving accurate diagnosis, affected
youth may experience delayed or incorrect treatment, contributing to greater symptom severity,
functional impairment, reduced quality of life3,4, interference with educational achievement, meaningful

social relationships, and increased familial stress and dysfunction5. Therefore, earlier detection of
heightened risk for the development of BD, and BD itself, is imperative.

Relatedly, individual early-life risk factors associated with later BD manifestation have been identified,
including depression and anxiety symptoms6, attention problems7, aggression8, elevated mania
symptoms6,9, and greater negative and positive impulsivity10. However, many of these features are also
shared across other forms of youth psychopathology, which limits the discriminative value of any single
risk factor in isolation. Thus, while individual indicators may signal elevated BD vulnerability, they may be
more informative when considered as part of broader multidomain risk profiles.
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Beyond clinical and behavioral factors, family history of depression11 or mania12 may represent
underlying genetic vulnerability, which may be compounded by environmental correlates of BD, including
limited opportunity and resources13, neighborhood safety problems14, and bullying15. Sleep disturbance
is also recognized as a core precursor and feature of BD, with early-onset BD cases especially prone to
persistent sleep problems16. Neurocognitive factors such as working memory deficits, inhibitory control
difficulties, and slower processing speed have also been documented in youth with BD or at familial risk
for BD, and may represent early markers of vulnerability17,18. Lastly, exposure to adverse childhood
experiences (ACEs) is associated with earlier BD onset and more severe illness course19,20. Considered
together, extant findings suggest that childhood risk for BD may be better characterized by a
constellation of risk factors across multiple domains than by any single indicator alone.

While many of these risk factors have been thoroughly investigated in longitudinal studies such as the
Pittsburgh Bipolar Offspring Study21 and the Course and Outcome of Bipolar Youth study22, relatively few
have evaluated how multiple domains of BD risk cluster during childhood prior to the emergence of the
disorder. Prior seminal work has examined risk indicators individually or within specific domains, such as
familial liability or early symptoms23, and has focused primarily on predicting later BD emergence.
However, BD has also been conceptualized as arising through a multidomain developmental process
involving the interaction of clinical, familial, neurocognitive, and environmental factors24. As such,
understanding the profile of childhood risk; that is, how factors in these risk domains cluster or co-occur
before illness onset, represents a critical and underexamined area of investigation in characterizing BD’s
developmental trajectory24.

This multidomain perspective is also consistent with Duffy’s (2014) developmental clinical staging
model of BD25, which posits that early internalizing/externalizing symptoms and sleep dysregulation
emerge on a background of familial liability, and are accompanied by neurocognitive vulnerabilities prior
to the onset of syndromal illness. Identifying empirically derived configurations of these risk indicators in
childhood may therefore provide insight into earlier developmental pathways of BD. Accordingly, guided
by previously identified BD risk factors, research priorities outlined by the International Society for Bipolar
Disorders pediatric BD task force24, and Duffy’s (2014) developmental clinical staging model25, we a
priori defined four staging-aligned domains of childhood BD risk in the current study: 1)
clinical/prodromal; 2) familial; 3) neurocognitive; and 4) environmental/contextual.

These domains are readily assessed by the Adolescent Brain Cognitive Development (ABCD) study, the
largest study of child health and brain development, following 11,868 children to understand how
biological, environmental, and behavioral factors impact brain development and mental health through
adolescence. By following a diverse population-based cohort from late childhood into mid-adolescence,
the ABCD study provides a unique opportunity to evaluate whether staging-aligned, multidomain risk
clusters at ages 9–10 (i.e., baseline) precede both the timing and burden of adolescent BD. This
population-based design is particularly well suited to characterizing how multidomain BD risk profiles are
distributed and cluster in the broader population, complementing prior work from high-risk cohorts21,22.
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More specifically, ABCD’s breadth of baseline assessment and biennial outcome tracking enables data-
driven identification of childhood risk clusters, with sufficient power to then examine associations
between risk clusters and BD spectrum in adolescence. Therefore, in the current study, we leverage
ABCD data to derive empirically defined risk clusters across these four risk domains, and test their
association with the temporal onset and occurrence of adolescent BD. This approach aims to enhance
our understanding of BD’s early developmental trajectory, inform risk stratification and more targeted BD
screening protocols, and highlight critical periods for intervention.

Methods

Dataset and Participants
The current study utilizes data from ABCD release 6.1 (https://doi.org/10.82525/ab4q-qr87). The ABCD
Study initially recruited 11,868 participants beginning in 2016 from schools across 21 sites in the United
States, sampled to ensure demographic representativeness of the urbanicity, socioeconomic status,
race, ethnicity, and sex-at-birth of the country’s population26,27. Participants included in the final analytic
sample were selected based on completeness of baseline risk variables (n = 9,193) and the self-
administered Kiddie Schedule for Affective Disorders and Schizophrenia Computerized Version (KSADS-
COMP) for DSM-5 diagnoses and covariate data required for each longitudinal analysis. For models
analyzing the onset or occurrence of BD, this included baseline BD diagnostic status and at least one
eligible follow-up assessment at year-2, year-4, or year-6 (Table 1).
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Table 1
Characteristics of Participants Included in the Primary Onset and Occurrence Analyses

Variable Year-2 Year-4 Year-6

A. First Onset (DTH) Analytic Sample      

N Participants 8,396 7,139 3,883

Mid-interval age in years, Mean ± SD 11.02 ± 0.63 13.13 ± 0.68 15.20 ± 0.70

Sex at birth – Female, n (%) 3,958 (47.1%) 3,333 (46.7%) 1,804 (46.5%)

Race/ethnicity – Asian, n (%) 144 (1.7%) 118 (1.7%) 53 (1.4%)

Race/ethnicity – Black, n (%) 1,035 (12.3%) 839 (11.8%) 396 (10.2%)

Race/ethnicity – Hispanic, n (%) 1,619 (19.3%) 1,386 (19.4%) 701 (18.1%)

Race/ethnicity – Other1, n (%) 836 (10.0%) 706 (9.9%) 375 (9.7%)

Race/ethnicity – White, n (%) 4,757 (56.7%) 4,086 (57.2%) 2,357 (60.7%)

Interval onset – BD-I, n (%) 48 (0.6%) 93 (1.3%) 57 (1.4%)

Interval onset – BD-II, n (%) 21 (0.3%) 36 (0.5%) 21 (0.5%)

Interval onset – BD-NOS, n (%) 54 (0.6%) 90 (1.3%) 60 (1.5%)

Interval onset – Any BSD, n (%) 95 (1.1%) 212 (3.0%) 124 (3.2%)

B. Occurrence (GEE) Analytic Sample      

N Participants 8,552 7,339 4,072

Age in years, Mean ± SD 12.07 ± 0.67 14.18 ± 0.71 16.08 ± 0.66

Sex at birth – Female, n (%) 4,019 (47.0%) 3,415 (46.5%) 1,900 (46.7%)

Race/ethnicity – Asian, n (%) 147 (1.7%) 123 (1.7%) 61 (1.5%)

Race/ethnicity – Black, n (%) 1,076 (12.6%) 885 (12.1%) 421 (10.3%)

Race/ethnicity – Hispanic, n (%) 1,646 (19.2%) 1,420 (19.3%) 734 (18.0%)

Race/ethnicity – Other1, n (%) 852 (10.0%) 728 (9.9%) 396 (9.7%)

Note: The table depicts the characteristics of the two analytic cohorts across ABCD timepoints at
follow-up years 2, 4, and 6. Panel A summarizes the first-onset analytic sample, and panel B
summarizes the occurrence analytic sample. Participants were assigned to risk clusters using
baseline risk variables (see results for details). 1 “Other” race category includes participants who
identified as Native Hawaiian, Pacific Islander, Alaskan Native, American Indian, or multiracial.
Abbreviations: BD-I = bipolar I disorder; BD-II = bipolar II disorder; BD-NOS = other specified bipolar
disorder; BSD = bipolar spectrum disorder; DTH = discrete time hazard model; GEE = generalized
estimating equation; SD = standard deviation.
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Variable Year-2 Year-4 Year-6

A. First Onset (DTH) Analytic Sample      

Race/ethnicity – White, n (%) 4,825 (56.4%) 4,179 (56.9%) 2,459 (60.4%)

Occurrence – BD-I, n (%) 56 (0.7%) 98 (1.3%) 60 (1.5%)

Occurrence – BD-II, n (%) 23 (0.3%) 38 (0.5%) 22 (0.5%)

Occurrence – BD-NOS, n (%) 64 (0.7%) 96 (1.3%) 65 (1.6%)

Occurrence – Any BSD, n (%) 109 (1.3%) 230 (3.1%) 143 (3.5%)

Note: The table depicts the characteristics of the two analytic cohorts across ABCD timepoints at
follow-up years 2, 4, and 6. Panel A summarizes the first-onset analytic sample, and panel B
summarizes the occurrence analytic sample. Participants were assigned to risk clusters using
baseline risk variables (see results for details). 1 “Other” race category includes participants who
identified as Native Hawaiian, Pacific Islander, Alaskan Native, American Indian, or multiracial.
Abbreviations: BD-I = bipolar I disorder; BD-II = bipolar II disorder; BD-NOS = other specified bipolar
disorder; BSD = bipolar spectrum disorder; DTH = discrete time hazard model; GEE = generalized
estimating equation; SD = standard deviation.

BD Risk Measures and Variables
In the current study, 17 BD risk variables were selected from baseline assessment measures spanning
clinical/prodromal, familial, neurocognitive, and environmental domains (Fig. 1). Clinical and behavioral
measures reported by parents included the following four items from the Child Behavior Checklist
(CBCL): DSM-5-oriented T-scored scales for depression and anxiety, and T-scored scales for attention
problems and aggressive behavior28. Additional parent-reported behavioral measures included the sum
scores from the Sleep Disturbance Scale for Children29 and from the General Behavior Inventory (GBI)
Mania scale30. CBCL and Sleep Disturbance Scale measures pertained to the previous 6 months, and
GBI score pertained to lifetime behavior. Youth-reported measures included lifetime negative and
positive urgency items from the abbreviated Urgency, Premeditation, Perseverance, Sensation seeking,
Positive urgency Impulsive Behavior Scale31.

Familial risk was indexed from parent-reported Family History Module items adapted for the ABCD study,
which denote a lifetime history of depression or mania in first-degree relatives32. Environmental risk was
assessed through the geospatially-derived current Child Opportunity Index 2.033, parent-reported

perceived neighborhood safety from the PhenX Toolkit34, and lifetime endorsement of bullying exposure
from the KSADS-COMP, reported separately by both parents and youth35. Neurocognitive functioning was
assessed using NIH Toolbox (NIHTB) scores, including the List Sorting Working Memory Task, Flanker
Inhibitory Control Task, and Pattern Comparison Processing Speed Task36. Uncorrected standard scores
from the NIHTB assessments were used per recommendation by the ABCD neurocognitive working
group37.
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Finally, a cumulative sum ACE index was constructed using binary endorsement items from the KSADS-
COMP screening module, Family History Assessment, parent-reported demographics survey, youth-
reported parental monitoring survey, family environment scale, and the acceptance subscale from the
children's report of parental behavioral inventory38. This previously-used composite index captures
lifetime exposure to abuse, neglect, household dysfunction, family conflict, and related adversities as
defined by the seminal ACE questionnaire38. More extensive details regarding derivations, psychometric
properties, and the reliability of measures described in the current study can be found in Barch et al.
(2018)26.

Figure 1: Early Life Risk Factors for BD Used in Baseline Clustering

Outcome Measures and Variables
KSADS-COMP–derived BD diagnoses were constructed from combined past and present parent and
youth reports collected at baseline, 2-, 4-, and 6-year follow-up assessments. At each timepoint, parent
and youth reports were combined to create binary (i.e., presence or absence) indicators of lifetime
occurrence of bipolar I disorder (BD-I), bipolar II disorder (BD-II), other specified bipolar disorder (BD-
NOS), and any bipolar spectrum disorder (BSD; incorporating any BD-I, BD-II, or other specified bipolar
disorder endorsements) as of each assessment timepoint. KSADS-COMP diagnoses were generated in
alignment with recommendations by Barch et al. (2021)39; see Supplementary Methods for details.

Data Pre-Processing

All analyses were conducted in R version 4.4.240. Participants with missing or invalid values on any
baseline BD risk variable were excluded from clustering and further analyses (n = 2,675 of 11,868
baseline participants; i.e., 22.5% exclusion). Statistical analyses of BD emergence were also conducted
among clustered participants with complete cluster, covariate, and KSADS-COMP data at each relevant
follow-up timepoint.

Clustering Procedure
To identify BD risk variable clusters at baseline, we employed the k-prototypes clustering algorithm, an
unsupervised learning method suitable for mixed-type numeric and categorical data41, via the
clustMixType package (version 0.4-2)42. Briefly, this algorithm partitions data into clusters using a hybrid
dissimilarity measure calculated from distances between data points and each cluster centroid for
numeric variables, and matching dissimilarity for categorical variables, balanced by a weighting
parameter lambda (λ).
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Importantly, since clustering relies on distances, we z-scored numerical features to allow comparison
between features with different ranges43. Additionally, we used the default data-driven λ provided by
clustMixType, given no clear rationale for differential variable weighting, and no improvement in
clustering performance following extensive λ-tuning analyses. See the Supplementary Methods for
details.

To identify the empirically optimal number of clusters (k), candidate solutions k = 2:8 were assessed
using internal validation. Specifically, the mean silhouette score (derived via the validation_kproto
function from clustMixType42) across participant datapoints and clusters was utilized given its robust

internal validation capabilities and efficient run-time44. The empirically optimal k was selected based on
which candidate solution yielded the highest mean silhouette score.

The stability of the empirically optimal k solution was then evaluated via nonparametric bootstrap
resampling of n = 1,000 samples, followed by re-clustering each data resample with the chosen z scaling
method, λ, and k. Stability relative to the original partition was quantified using the Jaccard similarity
coefficient, calculated via the stability_kproto function from clustMixType42.

Sensitivity Analyses of the Clustering Procedure
Multiple sensitivity analyses were conducted to assess the robustness of the selected clustering
solution. First, given that 22.5% of participants exhibited missingness at baseline, we conducted
sensitivity analyses to examine whether the selected clustering solution was robust to missing-data
handling. As an additional sensitivity analysis, we then examined whether the full 17-feature clustering
solution could be reproduced with a smaller subset of baseline risk variables. Finally, we conducted
analyses to determine whether the selected clustering solution depended on the k-prototypes algorithm.
See the Supplementary Methods for details pertaining to each analysis.

Statistical Analyses
Model assumptions and associated diagnostics, including collinearity, autocorrelation, and residual
normality, were evaluated using the performance package45. For discrete-time hazard models, primary
inference was based on small-sample corrected CR2 robust standard errors clustered by participant46.
Generalized estimating equation models used robust sandwich standard errors.

Onset of Bipolar Disorders by Risk Cluster
To examine when BD first emerged, we fit pooled logistic discrete-time hazard models on person-period
data representing the intervals from baseline to 2-year follow-up, 2-year to 4-year follow-up, and 4-year to
6-year follow-up. Separate models were fit for BD-I, BD-II, BD-NOS, and any BSD. For each BD subtype,
participants endorsing that subtype at baseline were excluded from the corresponding dataset. Intervals
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after first onset were removed, and participants were otherwise right-censored at their last observed
assessment.

Primary fixed effects included BD risk cluster, assessment timepoint indicators encoding the baseline
hazard, sex-assigned-at-birth, and grand-mean centered between-person age47; models were estimated
using pooled logistic regression with participant-clustered CR2 robust standard errors46. See the
Supplementary Methods for additional covariate and model selection considerations.

After model fitting, we summarized model-based interval hazards, defined as the conditional probability
of first onset within each interval given no prior onset, and the corresponding cumulative incidence by
cluster across representative ages. For each cluster, predicted interval hazards were obtained by
transforming the fitted linear predictor (via inverse-logit) at the median midpoint age for each interval,
with other covariates held at reference values. Cumulative incidence was then derived using a life-table
approach, in which survival was initialized at 1.00 at baseline, and updated after each interval by
multiplying (1 - the predicted hazard) for that interval.

Occurrence of Bipolar Disorders Over Time by Risk Cluster
To estimate timepoint-specific occurrence of BD by cluster, we modeled timepoint-specific endorsement
of BD-I, BD-II, BD-NOS, and any BSD using generalized estimating equations (GEE) with robust sandwich
standard errors and an exchangeable working correlation via the geepack package48. See Supplementary
Methods for more information related to the selected correlation structure. Fixed effects included BD
risk cluster, assessment timepoint, the cluster by timepoint interaction, grand-mean–centered age at
each timepoint, baseline status of the focal BSD outcome, and sex-assigned-at-birth. Thus, the BD-I
model adjusted for baseline BD-I status, the BD-II model for baseline BD-II status, the BD-NOS model for
baseline BD-NOS status, and the any BSD model for baseline any BSD status. This covariate was
included so that cluster contrasts reflect prospective differences in occurrence of the focal BSD
outcome beyond diagnoses already present at the time of cluster formation. Baseline BSD status was
included so that cluster contrasts reflect prospective differences in BSD occurrence beyond diagnoses
present at the time of cluster formation. Using fitted GEE models, we estimated timepoint-specific odds
ratios comparing risk clusters from the cluster-by-timepoint interaction using the emmeans package49.

Common Comorbidity Sensitivity Analysis
As a sensitivity analysis, we examined whether risk-cluster differences extended beyond BSDs to
attention-deficit/hyperactivity disorder, anxiety disorders, depressive disorders, post-traumatic stress
disorder, oppositional defiance disorder, and conduct disorder. See the Supplemental Methods for
details.

Utility of Alternative Baseline Risk Representations
Sensitivity Analysis
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Lastly, we examined how much downstream BSD-related information was retained when the full
multidomain baseline risk structure was represented in 3 alternative ways within the primary BD models:
the 2-cluster label, the minimally viable feature subset (MVFS), and the full 17-variable baseline risk-
variable set. See the Supplementary Methods for details.

Results

Sample and Clusters
Of 11,868 ABCD release 6.1 baseline participants, 77.5% (n = 9,193) had complete data on all 17 baseline
BD risk variables and were included in clustering (Table 2). Using the default λ = 3.32, internal validation
favored k = 2 clusters (mean silhouette, 0.52), exceeding alternative solutions by 0.29 to 0.40 mean units.
The selected 2-cluster solution yielded cluster 1 (n = 1,391) and cluster 2 (n = 7,802), hereafter
designated as the higher-risk and lower-risk clusters, respectively. The k = 2 solution was also highly
stable in bootstrap resampling (mean Jaccard = 0.98; SD = 0.01).

Table 2
Baseline Characteristics of the Clustered Sample

Variable Cluster 1

(Higher-Risk Cluster)

Cluster 2

(Lower-Risk Cluster)

Total

N 1,391 7,802 9,193

Age in Years, Mean ± SD 9.92 ± 0.62 9.97 ± 0.62 9.96 ± 0.62

Sex-assigned-at-birth, n (%)      

Male 833 (59.9%) 4,015 (51.5%) 4,848 (52.7%)

Female 558 (40.1%) 3,787 (48.5%) 4,345 (47.3%)

BD-I Diagnosis, n (%) 37 (2.7%) 33 (0.4%) 70 (0.8%)

BD-II Diagnosis, n (%) 16 (1.2%) 8 (0.1%) 24 (0.3%)

BD-NOS Diagnosis, n (%) 50 (3.6%) 54 (0.7%) 104 (1.1%)

Any BSD Diagnosis, n (%) 83 (6.0%) 84 (1.1%) 167 (1.8%)

Note: BD-I = bipolar I disorder; BD-II = bipolar II disorder; BD-NOS = other specified bipolar disorder;
BSD = bipolar spectrum disorder.

Cluster Profiles at Baseline
The higher- and lower-risk clusters differed significantly across all 17 baseline risk variables (all p<.001;
Table 3). Relative to the lower-risk cluster, the higher-risk cluster showed greater CBCL DSM-5
depression and anxiety symptoms, attention problems, and aggression problem T-scores; higher sleep
disturbance scale for children scores; greater lifetime GBI mania symptoms; and greater ACE exposure.
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The higher-risk cluster also showed higher negative and positive urgency, more frequent family history of
depression and mania, and more frequent bullying victimization. Neighborhood safety and Child
Opportunity Index values were lower in the higher-risk cluster, and neurocognitive performance was
lower across NIHTB Flanker, List Sorting, and Pattern Comparison measures.
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Table 3
Baseline Risk Variable Descriptive Statistics by Cluster

Variable Lower-Risk
Cluster

Mean ± SD | n
(%)

Higher-Risk
Cluster

Mean ± SD | n
(%)

Effect Size
[95% CI]

P-Value

Numeric Variables        

ACE Index Sum Score 1.80 ± 1.28 2.85 ± 1.39 d = 0.81 [0.75,
0.87]

< .001

CBCL Aggression Problems
T

51.19 ± 2.61 60.88 ± 8.17 d = 2.43 [2.36,
2.50]

< .001

CBCL Attention Problems T 52.13 ± 3.51 62.56 ± 8.67 d = 2.23 [2.17,
2.30]

< .001

CBCL DSM-5 Anxiety T 51.86 ± 3.49 61.62 ± 9.22 d = 2.03 [1.96,
2.09]

< .001

CBCL DSM-5 Depression T 51.87 ± 3.31 62.28 ± 7.32 d = 2.49 [2.43,
2.56]

< .001

COI Z-Score 0.01 ± 0.03 -0.001 ± 0.04 d = -0.39 [-0.44,
-0.33]

< .001

GBI Mania Sum Score 0.55 ± 1.24 4.94 ± 4.62 d = 2.06 [1.99,
2.12]

< .001

Mean Neighborhood Safety 3.99 ± 0.91 3.56 ± 1.08 d = -0.45 [-0.51,
-0.39]

< .001

NIHTB Flanker Score 94.57 ± 8.76 92.06 ± 10.12 d = -0.28 [-0.34,
-0.22]

< .001

NIHTB List Sorting Score 97.75 ± 11.71 93.09 ± 12.49 d = -0.39 [-0.45,
-0.34]

< .001

NIHTB Pattern Comparison
Score

88.85 ± 14.36 85.62 ± 14.87 d = -0.22 [-0.28,
-0.17]

< .001

SDSC Sum Score 34.53 ± 5.80 46.30 ± 11.05 d = 1.72 [1.66,
1.78]

< .001

UPPS-P Negative Urgency
Score

8.30 ± 2.55 9.50 ± 2.83 d = 0.46 [0.40,
0.52]

< .001

UPPS-P Positive Urgency
Score

7.76 ± 2.85 8.96 ± 3.18 d = 0.41 [0.36,
0.47]

< .001

Note: For categorical variables, n and percent of positive endorsement are shown. Abbreviations:
ACE=adverse childhood experience; CI=confidence interval; COI=child opportunity index; CBCL=child
behavior checklist; GBI=general behavior inventory; NIHTB = NIH toolbox; SD=standard deviation;
SDSC=sleep disturbance scale for children; UPPS-P=urgency, premeditation, perseverance, sensation
seeking, and positive urgency impulsive behavior scale for children.
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Variable Lower-Risk
Cluster

Mean ± SD | n
(%)

Higher-Risk
Cluster

Mean ± SD | n
(%)

Effect Size
[95% CI]

P-Value

Categorical Variables        

Bullying Victimization 1548 (19.8%) 786 (56.5%) OR = 5.25 [4.66,
5.92]

< .001

Family History of
Depression

1981 (25.4%) 854 (61.4%) OR = 4.67 [4.15,
5.27]

< .001

Family History of Mania 297 (3.8%) 185 (13.3%) OR = 3.88 [3.19,
4.70]

< .001

Note: For categorical variables, n and percent of positive endorsement are shown. Abbreviations:
ACE=adverse childhood experience; CI=confidence interval; COI=child opportunity index; CBCL=child
behavior checklist; GBI=general behavior inventory; NIHTB = NIH toolbox; SD=standard deviation;
SDSC=sleep disturbance scale for children; UPPS-P=urgency, premeditation, perseverance, sensation
seeking, and positive urgency impulsive behavior scale for children.

Missing-Data and Imputation Sensitivity Analysis
In the analysis of missing data, baseline missingness was modest overall, although missingness was
not consistent with missing completely at random (Little’s χ²=1308.98, df = 767, p<.001). At the baseline
assessment timepoint, 11,865 of 11,868 participants (99.97%; Table S3) were eligible for imputation.
Refit clustering of the imputed data again favored k = 2 (mean silhouette = 0.509; Table S4), and the
imputed k = 2 solution showed strong agreement with the original complete-case anchor partition
(adjusted Rand index = 0.871; Table S4) and high stability (mean Jaccard = 0.938; Table S4). Full details
are provided in the Supplementary Results.

Feature Importance and Parsimonious Feature-Set
Sensitivity Analysis
In the feature-importance and parsimony sensitivity analysis, the strongest and most consistent
contributors across analyses were parent-reported CBCL depression, aggression, attention, and anxiety
T-scores; followed by lifetime GBI mania symptoms; etc. See Table S5 for full results. In forward wrapper
selection, the MVFS meeting reproduction and stability criteria was comprised of 7 features: parent-
reported CBCL DSM-oriented depression, DSM-oriented anxiety, aggression, and attention T-scores;
lifetime GBI mania symptoms; sleep disturbance; and family history of depression. Details are provided
in the Supplementary Results.

Algorithm Benchmark Sensitivity Analysis
Regarding potential specificity of the 2-cluster solution to k-prototypes, the 2-cluster solution remained
preferred across algorithms. More specifically, the highest mean silhouette values for each algorithm
were observed at k = 2 (Table S6). See the Supplementary Results for details.
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Onset of Bipolar Disorders by Risk Cluster
A detailed characterization of this analytical subsample is provided in Table S1. All DTH models used
participant-clustered CR2 robust standard errors. Interval probabilities of first onset were highest from
baseline to year-2 follow-up for BD-I and any BSD and were consistently greater in the higher-risk cluster,
indicating earlier concentration of onsets (Fig. 2A-D). Overall, 598 of 9,193 clustered participants (6.5%)
endorsed any BSD by year-6 follow-up. Across intervals, membership in the higher-risk cluster was
associated with significantly greater odds of first onset for BD-I (OR = 2.99, 95% CI [2.20, 4.06], p<.001),
BD-II (OR = 2.27, 95% CI [1.35, 3.80], p = 0.002), BD-NOS (OR = 3.36, 95% CI [2.51, 4.51], p<.001), and any
BSD (OR = 2.74, 95% CI [2.21, 3.41], p<.001).

Cumulative incidence diverged steadily through year-6 follow-up, with greater model-based cumulative
first-onset risk in the higher-risk cluster across all BSDs (Fig. 2E-H). At the timepoint-specific median
ages and with other covariates held at reference values, cumulative first-onset risk in the higher-risk vs
lower-risk cluster was 9.6% vs 3.3% for BD-I (risk difference [RD] = 6.3 percentage points, 95% CI [3.7,
8.7], p<.001; risk ratio [RR] = 2.86, 95% CI [2.14, 3.82]), 3.6% vs 1.6% for BD-II (RD = 2.0 percentage points,
95% CI [0.3, 3.6], p = 0.002; RR = 2.24, 95% CI [1.34, 3.73]), 11.5% vs 3.6% for BD-NOS (RD = 7.9
percentage points, 95% CI [5.1, 10.7], p<.001; RR = 3.17, 95% CI [2.40, 4.19]), and 19.7% vs 7.9% for any
BSD (RD = 11.8 percentage points, 95% CI [8.4, 15.2], p<.001; RR = 2.50, 95% CI [2.06, 3.03]).

Figure 2: Discrete Time Hazards and Cumulative Incidence of Bipolar Disorder Onset by Risk Cluster

Occurrence of Bipolar Disorders Over Time by Risk Cluster
A detailed characterization of this analytical subsample is provided in Table S2. The higher-risk cluster
showed significantly greater odds of occurrence at year-2 follow-up for BD-I (OR = 6.38, 95% CI [3.78,
10.79], p<.001), BD-II (OR = 11.79, 95% CI [5.01, 27.72], p<.001), BD-NOS (OR = 5.86, 95% CI [3.57, 9.63],
p<.001), and any BSD (OR = 6.48, 95% CI [4.43, 9.49], p<.001), controlling for timepoint, age, baseline BD
status, and sex-assigned-at-birth.

At year-4 follow-up, odds remained significantly greater in the higher-risk cluster for BD-I (OR = 2.00, 95%
CI [1.25, 3.22], p = 0.004), BD-NOS (OR = 2.66, 95% CI [1.72, 4.11], p<.001), and any BSD (OR = 1.97, 95%
CI [1.44, 2.69], p<.001), but not BD-II (OR = 0.97, 95% CI [0.38, 2.53], p=.957). At year-6 follow-up, odds
remained greater in the higher-risk cluster for BD-I (OR = 2.74, 95% CI [1.56, 4.82], p<.001), BD-NOS (OR = 
3.55, 95% CI [2.12, 5.97], p<.001), and any BSD (OR = 2.45, 95% CI [1.67, 3.58], p<.001), but not BD-II (OR 
= 0.67, 95% CI [0.16, 2.89], p = 0.594).

Common Comorbidity Sensitivity Analysis
In the sensitivity analysis examining relationships between risk clusters and conditions commonly
comorbid with BD, the higher-risk cluster showed greater odds of broader non-BD psychopathology over
follow-ups than the lower-risk cluster, but effects were larger for BSD occurring alongside a concurrent
comorbid diagnosis. Additionally, in direct pairwise contrasts, higher-risk cluster membership more
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strongly differentiated BSD and a concurrent comorbidity than other diagnoses only at year-2. See the
Supplementary Results for details.

Utility of Alternative Baseline Risk Representations
Sensitivity Analysis
In the sensitivity analysis comparing alternative baseline risk representations, the full 17-variable
baseline risk set retained the most downstream BSD-related information, as reflected by the highest
McFadden pseudo-R2, whereas the 7-variable MVFS was generally intermediate between the full model
and the empirically derived 2-cluster label. Although fuller baseline risk representations showed
somewhat better model fit overall, between-model differences in McFadden pseudo-R2, Brier score, and
log-loss were modest, and the cluster-label effects in the primary onset and occurrence models
remained substantially larger than the effects of any individual baseline risk variable. Full details are
provided in the Supplementary Results.

Discussion
In this large, demographically diverse cohort followed from late childhood into mid-adolescence,
multidomain childhood BD risk factors were organized into a stable, clinically interpretable 2-cluster
structure. Using 17 literature-grounded, staging-aligned baseline features, we found that risk in the
general population separated into a higher- or lower-risk profile without additional intermediary
subgroups. The higher-risk cluster, characterized by greater clinical/prodromal symptoms, impulsivity,
sleep disturbance, family history of mood disorders, adverse experiences, environmental disadvantage,
and lower neurocognitive performance, showed elevated first onset and occurrence of BSDs through age
16. By year-6 follow-up, youths in the higher-risk cluster had roughly threefold greater cumulative risk of
developing any BSD than youth in the lower-risk cluster. Onsets were also not uniformly distributed
across follow-ups: model-based interval hazards suggested earlier concentration of risk in the higher-
risk cluster, with BD-I and any BSD hazards highest from baseline to year-2 follow-up.

The 2-cluster solution is notable not only because it was associated with later BSD emergence, but
because it appears to capture the most separable and stable profile of known childhood BD risk factors
in this developmental sample. In other words, rather than testing how individual risk factors predict later
BSD, the present study used data-driven clustering to quantify how known risk factors naturally
organized in childhood independent of downstream BD information. Many early-life indicators
associated with BD are individually transdiagnostic, and either modestly discriminative or lacking
complete prognostic utility on their own. Accordingly, defining how risk co-occurs across domains may
be an important step toward clarifying which combinations of factors signal developmentally meaningful
risk.

These findings extend prior longitudinal work in several ways. First, they replicate findings from familial
high-risk cohorts showing that subsyndromal mood symptoms, impulsivity, sleep disturbance, and family
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history precede BSD onset,21,23 but do so in a population-based sample with broader multidomain risk
representation. Second, they complement person-level risk calculators that combine familial and early
symptomatic indicators23 by characterizing how multidomain BD risk factors co-occur in childhood
before syndromal illness emerges. More broadly, these findings align with developmental staging
models and provide an empirically grounded framework for risk stratification that can be further tested,
validated, and clinically translated.

The identified higher-risk cluster may have important implications for developmental risk stratification.
The component measures underlying this profile, particularly that of the MVFS, are relatively accessible
and include questionnaires and family history that can be obtained in routine clinical settings. While the
current findings do not support clinical deployment as a diagnostic screening tool, they demonstrate
meaningful risk enrichment. By year-6 follow-up, 6.5% of clustered youth had developed any BSD,
including 14.7% in the higher-risk cluster and 5.0% in the lower-risk cluster. Although not directly
comparable, this magnitude of risk enrichment is notable given that prior work in a familial high-risk
sample reported an overall 5-year BSD conversion rate of 13.1%23. Accordingly, the most appropriate
implication of the current findings is not deterministic prediction, but that these clusters enable targeted
risk stratification. For example, given the early concentration of onset risk particularly across the
transition from late childhood to early adolescence, youth in the higher-risk cluster may benefit from
developmental symptom monitoring, psychoeducation about early warning signs, sleep hygiene and
routine stabilization, and other low-burden preventive strategies.

The present findings are strengthened by converging evidence across sensitivity analyses. First, the 2-
cluster profile remained robust after missing data imputation. Second, much of the full 17-feature
solution could be reproduced with a 7-feature MVFS comprised of parent-reported mood, anxiety,
behavioral, sleep, and familial-loading indicators, suggesting the broader profile was not contingent on
the full set of variables while still representing their distributions. Third, the 2-cluster structure was
reliably supported across alternative clustering algorithms. Finally, the common-comorbidity sensitivity
analysis revealed that higher-risk cluster membership was associated with elevated psychopathology
broadly, not only BSD, though effects were strongest for BSD occurring alongside concurrent
comorbidity(s). This partial specificity is consistent with the known overlap among early risk indicators
across disorders and aligns with findings that comorbidity is common in adolescent BD50. Together,
these results indicate the identified clusters capture a robust developmental psychopathology risk profile
enriched for BSDs, rather than BD-exclusive risk.

These implications should also be considered from the perspective of health equity. Several variables
contributing to the multidomain risk profile, including child opportunity index and perceived
neighborhood safety, reflect social and environmental conditions that are unequally distributed across
children and their families. Accordingly, future use of risk stratification approaches should avoid treating
risk profiles as fixed individual liabilities detached from their structural context. Furthermore, future
validation should evaluate whether risk profiles are similarly calibrated across underrepresented and
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minoritized populations, and whether preventive strategies informed by these profiles reduce rather than
reinforce disparities in access to early identification and care.

Key strengths of this study include the use of a prespecified, theory-driven set of childhood BD risk
indicators, the application of a mixed-type clustering framework suited to those data, and prospective
follow-up across multiple adolescent timepoints. Importantly, rather than examining isolated predictors
or strictly enriched familial cohorts, the study quantified multidomain BD risk profiles in a population-
based sample and then tested whether that structure was prospectively associated with both first onset
and occurrence of BSD. The large ABCD cohort also enabled calibration of risk under population base
rates, reducing referral and familial-loading biases inherent to clinical high-risk studies. Finally, the
convergent pattern across onset, occurrence, imputation, parsimony, and algorithm-benchmark analyses
supports the view that the identified 2-cluster solution is both interpretable and reasonably robust.

Despite these strengths, several limitations warrant consideration. First, the primary clustering pipeline
was conducted in the complete-case baseline sample. Although imputation-based sensitivity analyses
suggested that the 2-cluster profile was robust to baseline missing-data handling, complete-case
restriction may still have affected the generalizability of the cluster distributions. Second, BD diagnoses
were derived from the KSADS-COMP, rather than clinician-administered diagnostic interviews. Although
the KSADS-COMP offers efficiency and broad coverage in large cohorts, prior work has noted moderate
concordance with clinician-rated diagnoses, and the v1.0 algorithms used at ABCD baseline and year-2
follow-up appeared to overestimate past manic episodes35,39. We applied KSADS-COMP scoring
algorithms recommended by Barch39 to mitigate false positives, but some diagnostic misclassification
remains possible. BD prevalence rates reported in the current study should therefore not be interpreted
as population estimates. Third, despite the large overall cohort, data at year-6 follow-up was only
available for a subset of participants, and BSD remained relatively uncommon by mid-adolescence
(particularly for BD-II), resulting in wide confidence intervals for some model estimates. The exact
magnitude of effect sizes for BD-II should therefore be interpreted cautiously. Finally, the observation
window extended only through year-6 follow-up, and therefore captures early adolescent BSD
emergence. Additional follow-up is needed to determine whether the identified risk profile continues to
stratify BSD incidence into later adolescence and early adulthood, or whether its utility fluctuates as
developmental context and risk exposures evolve.

Given the above strengths and limitations, several avenues for future research emerge. First, the broad
psychopathology associations and partial BSD plus concurrent comorbidity specificity pattern observed
here warrants more refined work on diagnostic specificity. Specifically, future studies should examine
whether incorporating additional disorder-specific markers or prediction-oriented approaches yield more
differentiated developmental profiles across BD, depressive, anxiety, and externalizing symptoms.
Second, longer follow-up will be necessary to determine whether the present 2-cluster solution primarily
captures risk for earlier BSD emergence, or whether it continues to stratify incidence later in
development. Third, external validation in cohorts with clinician-rated diagnoses, biological measures,
and more intensive prospective phenotyping will be important for clarifying which youths within the
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higher-risk cluster ultimately convert to BSDs, and why. Finally, future work should examine whether this
multidomain childhood risk profile can be integrated with other stratification tools, including clinically
ascertained family history of BD, polygenic risk, and longitudinal symptom trajectories, to yield more
developmentally precise and clinically actionable models of BD risk.

In summary, we identified a stable and clinically interpretable 2-cluster profile of childhood BD risk at
ages 9–10 spanning clinical/prodromal symptoms, familial loading, environmental factors, and
neurocognitive domains. This multidomain risk structure was prospectively associated with both the
timing and occurrence of adolescent BSD emergence and remained robust across missing-data, feature-
reduction, and cross-algorithm sensitivity analyses. The higher-risk cluster also indexed broad
psychopathology over time, while showing especially strong early enrichment for BSD occurring
alongside concurrent comorbidities. Together, these findings suggest that multidomain childhood BD
risk factors may coalesce into a robust developmental high-risk profile that can be quantified before
syndromal illness emerges. If replicated and externally validated, this 2-cluster solution could provide an
empirical foundation for early-stage bipolar risk stratification, helping identify the subset of youth who
may benefit most from closer monitoring and preventive intervention during the transition into
adolescence.
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Figure 1

Early Life Risk Factors for BD Used in Baseline Clustering

Note: Individual risk factors associated with the manifestation of BD are color coded according to their
corresponding domain. Abbreviations: ACEs = adverse childhood experiences; Hx = history.
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Figure 2

Discrete Time Hazards and Cumulative Incidence of Bipolar Disorder Onset by Risk Cluster

Note: (A) BD-I interval hazard; (B) BD- II interval hazard; (C) BD-NOS interval hazard; (D) Any BSD interval
hazard; (E) BD-I cumulative incidence; (F) BD-II cumulative incidence; (G) BD-NOS cumulative incidence;
(H) Any BSD cumulative incidence. Lines connect model-based predicted interval hazards or cumulative
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incidence estimates of first onset at each follow-up timepoint (i.e., year-2, year-4, year-6). Shaded ribbons
indicate pointwise 95% model-based CI around the predicted hazards or derived cumulative incidence
estimates. Open circles show observed per-timepoint event proportions among those at risk. Observed
proportions are unadjusted, whereas model-based estimates are adjusted predictions evaluated at the
timepoint-specific median mid-interval age displayed under the x-axis tick, with covariates at reference
levels. Abbreviations: BD-I = bipolar I disorder; BD-II = bipolar II disorder; BD-NOS = other specified bipolar
disorder; BSD = bipolar spectrum disorder.
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