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ABSTRACT
BACKGROUND: Conduct disorder (CD) is a common syndrome with far-reaching effects. Risk factors for the
development of CD span social, psychological, and biological domains. Researchers note that predictive models
of CD are limited if the focus is on a single risk factor or even a single domain. Machine learning methods are
optimized for the extraction of trends across multidomain data but have yet to be implemented in predicting the
development of CD.
METHODS: Social (e.g., family, income), psychological (e.g., psychiatric, neuropsychological), and biological (e.g.,
resting-state graph metrics) risk factors were measured using data from the baseline visit of the Adolescent Brain
Cognitive Development Study when youth were 9 to 10 years old (N = 2368). Applying a feed-forward neural
network machine learning method, risk factors were used to predict CD diagnoses 2 years later.
RESULTS: A model with factors that included social, psychological, and biological domains outperformed models
representing factors within any single domain, predicting the presence of a CD diagnosis with 91.18% accuracy.
Within each domain, certain factors stood out in terms of their relationship to CD (social: lower parental monitoring,
more aggression in the household, lower income; psychological: greater attention-deﬁcit/hyperactivity disorder and
oppositional deﬁant disorder symptoms, worse crystallized cognition and card sorting performance; biological:
disruptions in the topology of subcortical and frontoparietal networks).
CONCLUSIONS: The development of an accurate, sensitive, and speciﬁc predictive model of CD has the potential to
aid in prevention and intervention efforts. Key risk factors for CD appear best characterized as reﬂecting unpredictable, impulsive, deprived, and emotional external and internal contexts.
https://doi.org/10.1016/j.bpsc.2022.02.004

Conduct disorder (CD) is a psychiatric diagnosis present in
approximately 3% of school-aged children and is characterized by aggressive, rule-breaking, destructive, and deceitful
behaviors (1). Youth with CD are at increased risk for academic
underachievement, family dysfunction, legal system involvement, substance misuse, emotional distress, suicidality, teen
pregnancy, and a host of health problems. Consequently, CD
is associated with a high individual, family, and societal
burden, constituting a leading reason for referral to mental
health services among youth and a main cause of disability
worldwide (2,3).
An extensive body of research identiﬁes risk factors for CD
that span social, psychological, and biological domains. CD is
one of the few childhood psychiatric disorders with a substantial environmental inﬂuence (4,5). Parenting associated
with harsh, coercive (e.g., corporal punishment, shouting,
swearing, and threatening), and inconsistent discipline are
robust risk factors for CD, particularly for conduct problems
that emerge in childhood (2,5). Other environmental risk factors
include low socioeconomic status and community violence.
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Low socioeconomic status is associated with an exponential
increase in risk for persistent CD (6,7). In addition, witnessing
or being the victim of community violence increases the odds
of developing CD by approximately twofold and fourfold,
respectively (8). Individual psychological factors related to CD
broadly reﬂect difﬁculties with behavioral and emotional regulatory capacities (9–11). For example, most studies show that
attention-deﬁcit/hyperactivity disorder (ADHD) and oppositional deﬁant disorder (ODD), two developmental disorders
associated with impulsivity and negative affect, are psychiatric
precursors to CD (12). In addition, compared with typically
developing youth or youth with ADHD in the absence of CD,
neurocognitive impairments in CD youth are sizeable, with
some meta-analyses documenting overall medium-sized effects (13). Finally, studies of neural structure, function, and
connectivity show consistent atypicalities in youth with CD
(2,14–20). Speciﬁc patterns of reduced gray matter volume and
structural connectivity, resting-state graph metrics of smallworld properties, and higher variability in electroencephalogram signals uniquely characterize youth with CD (16–20).
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A great deal of knowledge has been accumulated about
various risk factors for CD; however, often it is the presence of
multiple risk factors across domains that most reliably predicts
the development of CD.
In one study of 309 male youth that used longitudinal path
models, CD diagnosis was best predicted by both caregiving
characteristics (e.g., harshness) and youth psychological factors (e.g., intelligence, negative emotionality, information processing) (21). In another longitudinal study of 17,206 youth in
the United Kingdom, the cumulative risk associated with low
socioeconomic status and neurocognitive abilities demonstrated more explanatory power in predicting elevated levels of
conduct problems than any single risk factor alone (22). This
research suggests that predictive models of CD are limited if
the focus is on a single risk factor or even a single domain (e.g.,
psychological only) (21,23). However, previous studies examining multidomain predictors of CD contain methodological
limitations related to mass univariate testing and descriptive
group-based analyses (24).
Machine learning methods increasingly are being used in
psychiatry to address these methodological limitations. Such
methods can be ﬂexibly optimized for the extraction of trends
across multiple pieces of information/domains. They also can
generate individual predictions from multidimensional data,
providing multivariate signatures that are valid at the singlesubject level, and identify key features that could be used as
markers to monitor the onset or continuity of syndrome illness
(25–27). In research on CD, only a handful of studies have been
conducted that implement machine learning methods
(5,16–19), but they have been cross-sectional and only provide
correlational evidence between a single domain of factors (e.g.,
brain or parenting) and CD. No research has used machine
learning methods to examine the utility of risk factors across
multiple domains for predicting the development of CD.
This study applied machine learning methods to examine
the prediction of CD using risk factors from the social, psychological, and biological domains. Data were from the
Adolescent Brain Cognitive Development (ABCD) Study, a
longitudinal multisite study following the biopsychosocial
development of over 10,000 youth starting at 9 to 10 years old
(release 3.0; DOI 10.15154/1520591). We used a combined
theory- and data-driven approach to identify relevant risk
factors for inclusion in our model and explore the relative
importance of those risk factors for predicting CD. We trained a
feed-forward neural network (FNN) model1 (27,28) to predict
CD diagnosis when youth were 11 to 12 years old using risk
factors from the social, psychological, and biological domains,
measured when youth were 9 to 10 years old. FNN models are
well suited for analyzing linear and nonlinear relationships
between predictors and outcomes, identifying salient predictors, and suppressing nonrelevant predictors (27,29,30). We
ﬁrst used a subsample to train the FNN model, and then we
applied the trained model to data from an independent subsample. We also estimated the relative importance of each risk
1

Despite the name, neural networks are not exclusive to neurobiological variables. The algorithm adopts this title because its
nodes or units of information processing are loosely modeled
on the neurons in a biological brain. Neural networks can process both neural and non-neural data.
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factor. We had no speciﬁc hypotheses about which risk factors
would emerge as most important for discriminating between
those with and without CD.

METHODS AND MATERIALS
Participants
Participants were youth who completed the baseline session
(at ages 9–10 years old) and the 2-year follow-up session (ages
11–12 years old) of the multisite ABCD Study (see the
Supplement for more details). For these analyses, participants
were included if they 1) had CD data available from their
baseline session, 2) were not missing any data for key variables, and 3) had valid resting-state functional magnetic
resonance imaging (rs-fMRI) data released from their baseline
session that also passed the ABCD Study overall MRI quality
checks (31). Further, given the large number of ABCD Study
families with multiple children and/or twins that participated in
the study, siblings were overrepresented in the sample (32). To
help control for any family-related effects, only one randomly
selected child per family was used in these analyses, yielding a
ﬁnal sample of N = 2368 (Table 1).

Measures
Social. Perhaps the most studied risk factors in the social
domain relate to disruptions in neighborhood and family
functioning. Therefore, we included predictors related to
neighborhood safety, family income, and parenting practices
(2,33,34).

Social: Neighborhood. The severity of neighborhood crime
was assessed with the Neighborhood Safety/Crime Survey
administered to participants’ parents. The question “My
neighborhood is safe from crime” was answered on a Likert
scale (1 = “Strongly disagree”; 5 = “Strongly agree”).

Social: Family. The Parental Monitoring Survey was
completed by the youth and asked about parental awareness
of location, interactions with peers/afterschool, and plans, as
well as communication with parents about plans and activities.
Higher scores indicated greater parental involvement (1 =
“Never”; 5 = “Always”). The Family Environment Scale-Family
Conﬂict evaluated parent-reported perceptions (0 = “No”; 1 =
“Yes”) of whether family members fought, threw objects, criticized, hit, were in competition with one another, became
openly angry, lost their temper, disagreed, and yelled. For most
items on the scale, higher scores indicated more conﬂict,
except for the items that asked about being openly angry,
losing temper, disagreeing, and yelling, where higher scores
indicated lower occurrences of these events. The survey also
asked about the frequency of family dinner in an average week
(1 = “Never”; 5 = “Always”). Finally, family income was estimated using the total combined income for the 12 months
preceding the assessment.

Psychological. Psychological risk factors included common
diagnostic antecedents of CD, namely ADHD and ODD (4,34),
and neurocognitive predictors, given the well-replicated effects
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Table 1. Demographics Summary (N = 2368)
Variable

Correlations
n (%) or Mean
(SD)
Age Biological Sexa

Age at Baseline, Years

9.53 (0.50)

Biological Sex at Birtha

Raceb

–

0.01

20.00

–

–

20.04c

Female

1169 (49.37%)

–

–

–

Male

1199 (50.63%)

–

–

–

Asian

55 (2.32%)

–

–

–

Black

227 (9.59%)

–

–

–

Hispanic

468 (19.76%)

–

–

–

Other

233 (9.83%)

–

–

–

White

1385 (58.50%)

–

–

–

Raceb

Baseline CD
CD diagnosis
No CD diagnosis

54 (2.28%)

–

–

–

2314 (97.72%)

–

–

–

56 (2.36%)

–

–

–

2312 (97.64%)

–

–

–

2-Year CD
CD diagnosis
No CD diagnosis

CD, conduct disorder.
a
Spearman correlations were used to examine the effect of
biological sex at birth (dichotomously coded).
b
Spearman correlations were used to examine the effect of race
(dichotomously coded, White vs. non-White).
c
Signiﬁcant at a = 0.05 under the Spearman correlation test.

relating CD to deﬁcits in executive functions, verbal abilities,
and neurocognition broadly (9,35).

Psychological: Psychiatric Diagnoses. CD, ADHD, and
ODD diagnoses were determined using the Schedule for Affective Disorders and Schizophrenia for School-Age ChildrenPresent and Lifetime version (36). At the 2-year follow-up
assessment, 2.36% (n = 56) of the sample met the criteria
for CD. Of those 56, 21 youth also presented with CD at
baseline; therefore, CD at baseline was included as a covariate
(see Covariates below).

Psychological: Neurocognitive. The NIH Toolbox cognition battery is a battery of seven different neurocognitive tasks
(37), including a list sorting task assessing working memory,
picture vocabulary task assessing language and verbal abilities, ﬂanker task assessing cognitive control and attention,
dimensional change card sorting task assessing cognitive
ﬂexibility, pattern comparison task assessing visual processing
speed, picture sequence task assessing episodic memory and
visuospatial sequencing, and an oral reading task assessing
reading ability. Additionally, composite scores are calculated
to measure ﬂuid cognition (the capacity to process and integrate information, act, and solve novel problems) and crystallized cognition (the ability to use skills and knowledge acquired
via prior learning) (38). Fully corrected T scores were used in
these analyses.

Biological. Global and local connectivity graph metrics
across default, dorsal attention, frontoparietal, salience,
subcortical, and ventral attention networks were included as
biological, speciﬁcally neural, predictors. To maintain

comparability with prior studies and manage computational
complexity, we opted to use graph metrics as higher-order
indicators of the widespread connectivity anomalies previous
research has documented in youth with CD (14,15,39–42).

Biological: Graph Metrics. For each participant, 15 to
20 minutes of rs-fMRI data was acquired. Data acquisition
occurred across 3 to 4 separate rs-fMRI sequences, each of
which was 5 minutes in duration. During each rs-fMRI
sequence, participants were instructed to stay still and gaze
at a central ﬁxation cross. Imaging parameters were harmonized across all 21 data collection sites and scanner models
(31,43). Graph metrics of rs-fMRI connectivity were calculated
using the methods detailed elsewhere (14). Global graph
metrics of interest included global clustering and global efﬁciency, and node-level graph metrics of interest included
betweenness centrality, efﬁciency, and degree for speciﬁc
networks theoretically relevant to CD (14,42,44) (Table 2).

Covariates. Research collection site, biological sex at birth
(dichotomously coded, male vs. female), race (dichotomously
coded, White vs. non-White), age, and baseline CD diagnosis
were included as covariates in all models.

Analytic Approach
We built an FNN model to classify the presence or absence of
CD using the high-dimensional data (i.e., biopsychosocial risk
factors) in the R nnet package (45). FNN architecture is deﬁned
by the number of layers within the network and the number of
neurons within each layer. Information moves forward from the
input neurons, through the hidden neurons, and to the output
neurons. At each layer, the model learns complex patterns and
relationships by conducting linear and nonlinear transformations
on the data. The architecture of our model consisted of 52 input
neurons to represent all risk factors and covariates (Figure 1). To
determine the number of hidden neurons, we ran an optimization loop that iterated through possible architectures with 2 to
26 neurons (the number of neurons in a layer should not be
more than half the number of predictors). The model with 18
neurons had the highest test accuracy (46–48). As is standard
with binary classiﬁcation models, one output neuron calculates
the probability that a participant meets the criteria for 2-year CD
based on their input features.
Classiﬁcation models can encounter issues when datasets
are unbalanced (i.e., contain one group that is much smaller
than the other) (49). Given that only 2.36% of participants were
diagnosed with CD at the 2-year follow-up assessment, we
used a smoothed bootstrapping method to undersample the
larger class and oversample the smaller class until they were
equal in size while still preserving the data distribution (50)
using the ROSE package in R (51,52). The ROSE algorithm
estimates the conditional density underlying the two classes of
the training set based on the probability distribution of
randomly selected observations and the covariance matrix,
allowing for the synthetic generation of observations from the
minority class. Prior to bootstrapping (no over/under sampling), within the training set, 1547 had no CD diagnosis and 39
participants had a CD diagnosis; after applying the smoothed
bootstrapping to oversample for CD the synthetic data that
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Table 2. Descriptions of Graph Metrics
Metric

Deﬁnition

Global Clustering

The fraction of nodes that form triangular connections (i.e., the fraction of nodes whose neighbors are also interconnected with each other)
at the network level. High global clustering indicates greater functional segregation, efﬁcient local connectivity, and robustness to
disruption.

Global Efﬁciency

A metric related to the average inverse shortest path length across an entire graph. Graphs with high global efﬁciency allow information to
travel through fewer connections to get from a node to any other node in the network, increasing the efﬁciency of neural communication.

Node-Level BC

The number of shortest paths passing through a speciﬁc node in the global ﬂow of information. Nodes with high BC have more information
passing through them (i.e., are more central). Node-level BC measures were estimated for the default, dorsal attention, frontoparietal,
salience, subcortical, and ventral attention networks.

Node-Level
Degree

The number of connections between a speciﬁc node and other nodes in the network. Nodes with high degree have greater connections
and may act as more of a hub in the global ﬂow of information. Node-level degree measures were gathered for the default, dorsal
attention, frontoparietal, salience, subcortical, and ventral attention networks.

Node-Level
Efﬁciency

A metric related to the inverse shortest path length of a speciﬁc node within a smaller neighborhood. Nodes with high mean efﬁciency
allow information to travel through fewer connections to get to other nodes in that neighborhood, increasing the efﬁciency of neural
communication. Node-level efﬁciency measures were gathered for the default, dorsal attention, frontoparietal, salience, subcortical, and
ventral attention networks.

BC, betweenness centrality.

enlarged the feature space for the minority class (i.e., CD
diagnosis) resulted in 825 participants with no CD and 761 with
CD.
To address the potential for overﬁtting (53), 67% of the
dataset was randomly selected for model training and 33% for
model testing. We adopted the standard approach of adding

Gaussian noise to the training set to prevent the model from
memorizing patterns or trends in the data (54). In addition, all
models included a regularization decay term that penalized
weight parameters for overﬁtting to the training set (55).
Each classiﬁer was trained to predict whether an individual
participant met the diagnostic criteria for CD in 2 years based

Figure 1. Network architecture. The model consists of 52 input neurons, 18 hidden neurons, and
one output neuron. Line thickness is proportional to
the magnitude of each weight and bias term. Black
lines indicate positive parameters and gray lines
indicate negative parameters. ADHD, attentiondeﬁcit/hyperactivity disorder; BC, betweenness
centrality; CD, conduct disorder; ODD, oppositional
deﬁant disorder.
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on their risk factors at baseline. All predictors were standardized before training to improve model ﬁtting. Risk factors were
then transformed by a series of weight and bias terms and
summed to calculate hidden layer neurons. These sums then
passed through a nonlinear activation function that activated
neurons above a certain threshold and deactivated neurons
below that threshold (see the Supplement for details).
Neural networks are an advantageous method because they
maximize prediction accuracy on unseen observations (24,56).
The holdout method is a standard validation technique that
sets aside 33% of the data for testing the performance of the
model (57). All predictions and performance measures were
calculated on the out-of-sample testing set.

deconstructing and assessing weighted connections associated with each predictor (58). Greater ADHD and ODD symptomatology, frontoparietal efﬁciency, and reports of family
members throwing objects positively related to CD at the
2-year follow-up. Conversely, lower crystallized cognitive
ability, card sorting ability, subcortical efﬁciency, frontoparietal
degree, income, and parental monitoring predicted CD at the
2-year follow-up (Figure 2) (see the Supplement for feature
importance reliability). Sensitivity analyses, which illustrate
how the probability of CD diagnosis and risk factors covary
while holding other factors constant (at the minimum,
maximum, and 20th, 40th, 60th, and 80th quartiles), were
conducted using the Lek’s proﬁle method in R. These analyses
supported the feature importance designations (Figure 3).

RESULTS
DISCUSSION

Model Performance
A confusion matrix was examined to evaluate model efﬁcacy
by displaying correct and incorrect classiﬁcations. We
compared the predictions against the known diagnostic status of participants at their 2-year follow-up assessment
(Table 3). The confusion matrix was used to calculate performance measures that normalize the number of true positive
and true negative predictions by the sample size of the model,
allowing for comparison of classiﬁcation accuracy across
different approaches. Accuracy, sensitivity, and speciﬁcity
were examined to determine the precision of the model (see
the Supplement).
The FNN model demonstrated an accuracy of 91.18% and
an area under the curve of 0.9578, suggesting a strong
balance between sensitivity and speciﬁcity, while maximizing overall prediction accuracy. The sensitivity of the
model was 89.03%, suggesting that the model was effective
at detecting CD among participants with CD. The model
speciﬁcity was 93.44%, indicating that the network was best
at determining the absence of CD among typically developing participants.
Additional analyses were conducted to test if 1) the FNN
model performed better than traditional inferential statistics
(i.e., logistic regression), 2) selected biopsychosocial risk factors were more predictive of CD compared with other syndromes, and 3) the biopsychosocial model for CD performed
better than models only within risk factor domains (see the
Supplement for additional models). The biopsychosocial FNN
model yielded higher predictive accuracy, sensitivity, and
speciﬁcity for CD than all other models.

Feature Importance
Olden’s algorithm in R was used to identify the relative
importance of risk factors on the classiﬁcation task by
Table 3. Confusion Matrix
Predicted Class
No CD

CD

No CD

357 (true negative)

44 (false positive)

CD

25 (false negative)

356 (true positive)

True Class

CD, conduct disorder.

This study selected biopsychosocial risk factors that were
identiﬁed in prior work and applied a machine learning model
that was able to predict CD 2 years after the measurement of
risk factors. It did so with high accuracy, speciﬁcity, and
sensitivity. The biopsychosocial model also outperformed
models examining risk factors within single domains. Further,
the methods used in this study allowed for a more nuanced
identiﬁcation of key factors, and, importantly, it ranked them in
terms of how well they predicted CD. Collectively, these risk
factors are reﬂective of unpredictable, impulsive, deprived, and
emotional external and internal contexts.

Key Risk Factors
In the social domain, family-level risk factors are related
consistently to the development of CD (4,34). In this study, low
parental monitoring, throwing objects, and low family income
emerged as particularly important predictors. Parental monitoring of youth activities, plans, and peers commonly is viewed
as essential for attenuating a variety of risky adolescent behaviors, including substance use, sexual activity, illegal behaviors, and association with delinquent peers (12). Further, it
is positively associated with other beneﬁcial parenting practices, such as warmth, cohesion, and involvement (59). Thus,
it is unsurprising that low parental monitoring emerged as an
important factor among CD sequelae. In addition, harsh and
aggressive parenting behaviors predict youth conduct problems (60). For instance, throwing objects in the household,
although not speciﬁcally focused on in previous work, appears in parental quality inventories and reﬂects harsh and
emotional parenting behaviors that are well documented in
relation to the onset and maintenance of CD. Youth who
observe their family members throwing objects may learn that
using aggressive behavior is a legitimate way to express
feelings or achieve goals. Finally, the negative association
between income and CD reinforces prior studies that ﬁnd
strong connections between low family socioeconomic status
and CD development (61). Adversities often associated with
low socioeconomic status and familial dysfunction may
damage psychological functioning and contribute to the etiology of CD.
Among the strongest predictors of CD were those within the
psychological domain. The inﬂuence of ADHD and ODD on the
development of CD has been detailed in cross-sectional and
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Figure 2. Feature importance. Features are ordered from left to right by increasing absolute value
of importance. The importance values assigned to
each variable are in units that are based directly on
the summed product of the connection weights. The
10 most important features in the model, excluding
covariates, are highlighted. Bars in the positive direction represent a positive association with a
conduct disorder diagnosis, whereas bars in the
negative direction represent a negative association
with a conduct disorder diagnosis. ADHD, attentiondeﬁcit/hyperactivity disorder; ODD, oppositional
deﬁant disorder.

longitudinal studies (61–63). ADHD, ODD, and CD often are
conceptualized as externalizing disorders that share latent
characteristics and premorbid genetic and environmental risk
factors (64–66) (see the Supplement). Further, both the genetic
and environmental factors associated with externalizing disorders implicate several neuropsychological factors that
contribute to changes in cognition.
Two neuropsychological factors of importance for predicting CD are lower crystallized cognition and card sorting performance. Crystallized cognition is believed to be dependent
on past learning and acculturation and is heavily inﬂuenced by
education and cultural exposure, particularly during childhood
(38). Thus, this component of cognition might be best interpreted alongside the social risk factors discussed above;
speciﬁcally, low socioeconomic resources, lack of parental
supervision, and home environments with displays of aggression may hinder the opportunities and experiences necessary
to build verbal knowledge and skills. Furthermore, the
observed deﬁcits in card sorting are notable given previous
research indicating that youth with CD struggle, in particular,
with ﬂexibly adjusting their behavior to new rules and information (67–70). These psychiatric and neurocognitive vulnerabilities highlight the early neurodevelopmental differences
that characterize youth with CD.
Finally, in the biological domain, evidence of disruptions in
the topology of the subcortical and frontoparietal networks is
consistent with well-established theories and empirical evidence that anomalous functioning and connectivity between
subcortical and cortical regions hinder affective and cognitive
functioning in youth with CD (2,14,71–73). Low subcortical
efﬁciency appears especially relevant for the etiopathogenesis
of CD. A topographical aberration in cortical-subcortical
communication that disrupts neural information processing
could impact detecting, reacting to, and remembering salient
or affective information. Disrupted cortical-subcortical
communication may contribute to the propensity for some
youth to engage in behaviors that put themselves at risk and
violate the rights of others.

6

Similarly, the ranking of frontoparietal efﬁciency and degree
as important biological risk factors reinforces ﬁndings that
youth with CD often experience disruptions in networks related
to inhibition, ﬂexibility, and executive functioning (15,39–42).
While the positive feature importance of frontoparietal efﬁciency suggests that CD is associated with faster and/or less
costly neural communication between the frontoparietal
network and other networks in its immediate neighborhood
(i.e., other networks closely connected to the frontoparietal
network), the negative feature importance of frontoparietal
degree indicates that this network shares fewer direct connections with other networks. The co-occurrence of high efﬁciency and low degree suggests that a frontoparietal network
that is functionally segregated from the core of other networks
contributes to the risk for CD. Excessive functional segregation
may inhibit ﬂexible communication and information integration
between more distal nodes or networks, contributing to the
neural and behavioral deﬁcits observed among children with
CD.

Limitations and Future Directions
Several key limitations should be noted. First, feature importance quantiﬁes the relative inﬂuence of predictors on CD
classiﬁcation based on other predictors in the model and
cannot measure their absolute inﬂuence. Furthermore, the
training of each classiﬁer incorporates inherent variation,
because samples are randomly separated into training and
testing sets and model parameters are randomly initialized
before their optimization. As a result, performance measures
and feature importance scores may vary for each training of
the same model (25). Second, because we used curated data
from the ABCD Study, we were limited to conducting the graph
analysis at a network level. As a result, we were unable to take
a more ﬁne-grained approach to look at how node-level differences in speciﬁc regions of the cortex or subcortical
structures (e.g., the amygdala) may represent biological risk
factors. Finally, consistent with previous national community
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Figure 3. Sensitivity plots. The sensitivity plots display the relationship between model predictions and the risk factors. The explanatory variable denotes
risk factor values, and the response variable denotes the probability that a participant is diagnosed with conduct disorder at the 2-year follow-up assessment.
(A) Sensitivity plots for the social risk factors. (B) Sensitivity plots for psychological risk factors. (C) Sensitivity plots for biological risk factors. The risk factors of
family members throwing objects, attention-deﬁcit/hyperactivity disorder (ADHD) and oppositional deﬁant disorder (ODD) symptomatology, and frontoparietal
efﬁciency positively correlate with the likelihood of developing a conduct disorder, while the risk factors of income, parental monitoring, crystallized cognition,
card sorting ability, subcortical efﬁciency, and frontoparietal degree negatively correlate with the likelihood of developing a conduct disorder.

samples (74), the prevalence of CD is low in this sample,
particularly in comparison to samples with legal system–
involved youth. This study provides a proof-of-concept
approach to diagnostic predictive modeling for CD; however,
replication of our ﬁndings and reﬁnement of the model is
needed.
Although the biopsychosocial model was a more precise
classiﬁer of CD than models within individual domains, further
research should ascertain which risk factors represent the
most reliable predictors of CD. This is especially true for factors in the biological domain. On the one hand, incorporating
brain imaging in models outperformed some clinician-rated
measures (e.g., neuropsychiatric scores) and added incremental value when combined with various sociodemographic
predictors [see psychological and biological models in the
Supplement and see (75)]. In contrast, questions remain about
the feasibility of brain imaging in daily practice and the reliability of neural measurement, particularly during development

(76). Currently, there is insufﬁcient work to designate the neural
risk factors that characterize CD. However, the growth of
consortium-based research provides an opportunity for largescale validation of neural markers for CD (77) and the hope to
develop generalizable models. Furthermore, if reliable brainbased markers are identiﬁed, it might be possible to
generate empirically derived proxy measures that meaningfully
capture the underlying construct (78). While it seems that
brain-based metrics capture important variance related to CD
risk, which metrics and in what context these metrics most
robustly relate to CD remains an open question.

Conclusions
This study is a step toward developing an evidence-based
approach to early intervention for CD. We used a combination of theory and data-driven methods to identify key risk
factors for CD and achieved a high level of accuracy in
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prediction. These ﬁndings advance a literature on biopsychosocial models of CD and reinforce the importance of
moving toward multidomain screening in school, medical, and
psychiatric settings. In these settings, asking youth about their
family situations and having youth complete brief assessments
of psychiatric and neuropsychological functioning is feasible.
While direct measurement of brain topology is not practical,
there is promise in developing proxies for the latent constructs,
which could open new doors for tailored screenings where
resources are limited. In addition, the approach employed in
this study, which allows for single-subject prediction, would
have great utility in legal settings. CD is overrepresented within
the legal system (79), and the ability to develop accurate predictive models would be an improvement over current approaches routinely utilized in the legal system that have limited
predictive value. Information gleaned from the approach used
in this study could better identify which interventions, based on
person-speciﬁc biopsychosocial factors, might be effective,
thereby preventing youth from becoming ensnared in the legal
system (80). Further, the speciﬁcation of neural factors predictive of CD may motivate clinical trials of targeted neuromodulatory interventions. CD is a complex disorder, and
advances in methodology, such as machine learning, allow us
greater precision in the identiﬁcation of risk factors, in terms of
their relative prominence in the etiology and maintenance of
CD. These same methods also provide guidance for employing
interventions that can mitigate the harm and distress caused
by CD.
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