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Can machine learning identify childhood characteristics that predict future 
development of bipolar disorder a decade later? 
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A B S T R A C T

Early identification of bipolar disorder may provide appropriate support and treatment, however there is no 
current evidence for statistically predicting whether a child will develop bipolar disorder. Machine learning 
methods offer an opportunity for developing empirically-based predictors of bipolar disorder. This study 
examined whether bipolar disorder can be predicted using clinical data and machine learning algorithms. 492 
children, ages 6–18 at baseline, were recruited from longitudinal case-control family studies. Participants were 
assessed at baseline, then followed-up after 10 years. In addition to sociodemographic data, children were 
assessed with psychometric scales, structured diagnostic interviews, and cognitive and social functioning as-
sessments. Using the Balanced Random Forest algorithm, we examined whether the diagnostic outcome of full or 
subsyndromal bipolar disorder could be predicted from baseline data. 45 children (10%) developed bipolar 
disorder at follow-up. The model predicted subsequent bipolar disorder with 75% sensitivity, 76% specificity, 
and an Area Under the Receiver Operating Characteristics of 75%. Predictors best differentiating between 
children who did or did not develop bipolar disorder were the Child Behavioral Checklist Externalizing and 
Internalizing behaviors, the Child Behavioral Checklist Total t-score, problematic school functions indexed 
through the Child Behavioral Checklist School Competence scale, and the Child Behavioral Checklist Anxiety/ 
Depression and Aggression scales. Our study provides the first quantitative model to predict bipolar disorder. 
Longitudinal prediction may help clinicians assess children with emergent psychopathology for future risk of 
bipolar disorder, an area of clinical and scientific importance. Machine learning algorithms could be imple-
mented to alert clinicians to risk for bipolar disorder.   

1. Introduction

Pediatric Bipolar Disorder (BP disorder) is a prevalent and morbid
disorder estimated to affect at least 2% of youth (Van Meter et al., 2011). 
Individuals with BP disorder often present subsyndromal symptoms of 
mood dysregulation during their childhood that eventually develop into 
a full diagnosis. The full syndromatic diagnosis of BP disorder is asso-
ciated with increased risks of suicide, substance use disorders, 

hospitalization, and social dysfunctions for the patients and their family 
(De Crescenzo et al., 2017; Faedda et al., 1995; Serra et al., 2017). 
Although longitudinal studies have found the prognosis of early-onset 
mood disorders to be unfavorable, research has also shown there are 
effective treatments and therapies that could significantly alleviate the 
patients’ and their families’ struggles from the diagnoses (DelBello et al., 
2022; Pavuluri et al., 2005; West et al., 2014). Thus, early identification 
of the risks and interventions for early symptoms of pediatric mood 
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disorders is crucial. However, uncertainties remain on how to best 
predict the development of BP disorder in youth with emergent psy-
chopathology referred to clinical practice (Faedda et al., 1995; Leverich 
et al., 2007). 

In addition, the accurate identification of a developing bipolar dis-
order is extremely difficult in clinical practice. Since symptoms such as 
increased activity and impulsivity overlap with Attention Deficit Hy-
peractivity Disorder, many children are identified as having ADHD prior 
to them receiving the diagnosis of bipolar disorder. While ADHD could 
coincide with bipolar disorder, pharmacotherapy using stimulant med-
ications could worsen the mood of children with bipolar disorder. 
Similarly, some children present with irritability, sadness or anxiety 
prior to having manic or hypomanic episodes and receive the diagnosis 
of major depressive disorder instead. The antidepressant medications 
could further worsen the agitation and activity levels of a child with 
underlying bipolar disorder due to activation or manic switches. These 
frequent scenarios in current psychiatric practice further emphasizes the 
importance of any assistance in prediction of bipolar diagnosis in the 
future. 

Correlational studies have suggested early onset and severe mood 
symptoms, family history of BP disorder, and severe emotional dysre-
gulation are associated with future development of BP disorder (Uchida 
et al., 2015a, 2015b). A review examining predictors of adulthood BP 
disorder reported that cyclothymic features, recurrent depression, anx-
iety disorders, psychotic symptoms, and family history of BP disorder 
predicted the development of BP disorder (Faedda et al., 2019). While 
these studies have aided clinicians in identifying risks for BP disorder, 
they uncovered group level risk factors and were not specific enough to 
help inform caregivers about such a prognosis in individuals. Further, 
these studies have been limited by not testing the generalization of 
findings from one sample of children to other, independent samples of 
children and this precludes evidence for generalization to larger pop-
ulations of children. While the risk factors have been identified, there 
exists no way of predicting which individuals would develop BP disorder 
10 years into the future. 

Machine learning approaches can help develop empirically driven 
childhood predictors of future onset of BP disorder. By aggregating large 
numbers of sociodemographic and clinical predictors, machine learning 
empirical models can produce high-quality predictions (Elshawi et al., 
2019). For example, using a machine learning model trained on multi-
site data from the STAR*D consortium, prediction of remission from 
Major Depressive Disorder (MDD) after a 12-week course of Citalopram 
therapy was achieved with accuracy of 64.6%, which is a clinically 
meaningful level of accuracy (Chekroud et al., 2016). Neuroimaging 
studies predicting transition from mild cognitive impairment to Alz-
heimer’s disease showed an average predictive accuracy above 70% 
(Arbabshirani et al., 2017). Another study examining the development 
of psychotic disorders also showed similar predictive rates using clinical 
measures (Mechelli et al., 2017). While machine learning methods are 
starting to be used in predicting the prognosis of various psychiatric 
disorders, to the best of our knowledge, it is yet to be used to predict the 
future development of BP disorder in children and adolescents with 
emergent psychopathology. 

The main aim of the present study was to assess whether machine 
learning can help predict the presence of BP disorder in an individual 
without initial BP disorder a decade later based on presenting childhood 
sociodemographic and clinical characteristics. To this end, we applied a 
machine learning approach to analyze data from a unique and large 
longitudinal sample of children and adolescents of both sexes who were 
followed for 10 years from childhood to young adulthood with repeated 
comprehensive assessment batteries. We tested rigorously for general-
izability by developing predictive models on a subset of the sample and 
then testing the accuracy of the models on an independent subset of the 
sample. We examined the sensitivity and specificity of childhood vari-
ables in predicting BP disorder in young adult years using a machine 
learning algorithm. To the best of our knowledge, this represents the 

first study using machine learning algorithms for this purpose in pedi-
atric psychiatry. 

2. Methods

2.1. Sample 

The sample was derived from two identically designed longitudinal 
case-control family studies of psychiatrically and pediatrically referred 
youth of both sexes, ages 6–18 years at baseline, and their first-degree 
biological relatives (parents and siblings) (Biederman et al., 2006, 
2010, 2011). The original study recruited equal numbers of boys and 
girls with and without attention deficit hyperactivity disorder (ADHD) 
as probands; equal numbers of boys with ADHD (ADHD boys proband), 
boys without ADHD (control boys proband), girls with ADHD (ADHD 
girls proband) and girls without ADHD (control girls proband). Their 
siblings were included without the restrictions of diagnosis, gender or 
age. Potential participants were excluded if they had major sensorimotor 
handicaps, psychosis, autism, inadequate command of the English lan-
guage, or a Full-Scale Intelligence Quotient (IQ) less than 80. Parents 
and adult offspring provided written informed consent to participate, 
and parents provided consent for offspring under the age of 18. Children 
and adolescents provided written assent to participate. Participants from 
the Boys ADHD study were assessed at baseline, after 4 years, and after 
10 years (Biederman et al., 2010). Participants from the Girls ADHD 
study were assessed at baseline, after 5 years, and after 11 years (Bie-
derman et al., 2011). The human research committee at Massachusetts 
General Hospital approved this study. 

For the current study, we included only participants who had both a 
baseline evaluation and a diagnostic evaluation 10 years later (N = 780). 
We excluded 1) probands and siblings who had a positive BP-I disorder 
diagnosis at baseline, and 2) the ADHD probands. Included were 1) all 
siblings (siblings of controls and ADHD probands) and the control pro-
bands who did not have BP-I disorder at the baseline assessment and 2) 
children and adolescents had at least 70% of the scales at the examined 
timeframes. From those participants, scales were included only if they 
had been completed by at least 70% of participants. For any missing data 
within a scale, we used the ‘most frequent’ imputer strategy, but this was 
necessary for only a single participant for a single scale. 

The final sample consisted of 492 children and adolescents, 52% 
male, ranging in age – at their first evaluation – from 6 to 19 years (μ =
11), after excluding fifteen participants who already had BP-I disorder 
(Table 1). In this sample, 45 participants (10%) developed BP-I disorder 
by their 10-year follow-up. 

2.2. Assessment procedures 

Psychiatric assessments of participants older than 18 years relied on 
the Structured Clinical Interview for the DSM-IV (SCID) (First et al., 
1997) supplemented with modules from the Schedule for Affective 
Disorder and Schizophrenia for Children (K-SADS-E)(Orvaschel, 1994) 
to assess childhood diagnoses. Children and adolescents were assessed 

Table 1 
Baseline demographic and clinical characteristics of the participants included in 
the analysis.  

Characteristic Included Participants (N = 492) 

Mean ± SD 

Age at baseline 11.1 ± 3.2 
Socioeconomic status 1.6 ± 0.8 
Global Assessment of Functioning 67.8 ± 9.8 
CBCL Total Problems T-score 45.1 ± 12.9 
Full scale IQ 112.4 ± 12.0  

N (%) 

Male 253 (52)  
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with the K-SADS-E completed with the parents. For youth older than 12 
years, direct interviews were also conducted. For these double in-
terviews, we combined data from direct and indirect interviews by 
considering a diagnostic criterion positive if it was endorsed in either 
interview. All diagnostic assessments were conducted by highly selec-
tive, highly trained, and closely supervised raters. Raters were blind to 
the ascertainment source of the families (ADHD or Controls). To assess 
the reliability of our overall diagnostic procedures, we computed kappa 
coefficients of agreement by having experienced, blinded, 
board-certified child and adult psychiatrists and licensed experienced 
clinical psychologists diagnose subjects from audiotaped interviews 
made by the assessment staff. Based on 500 assessments from interviews 
of children and adults, the median kappa coefficient was 0.98. Socio-
economic status (SES) was measured using the 5-point Hollingshead 
scale (Hollingshead, 1975). 

2.2.1. Child behavior checklist (CBCL) 
The parent of each participant completed the 1991 version of the 

CBCL for ages 4–18 years. The CBCL queries the parent about the child’s 
behavior in the past six months and aggregates this data into behavioral 
problem T scores (Achenbach, 1991). A computer program calculates 
the T scores for each scale. Raw scores are converted to sex- and 
age-standardized scores (T scores having a mean of 50 and standard 
deviation (SD) of 10). A minimum T score of 50 is assigned to scores that 
fall at midpoint percentiles of ≤50 on the syndrome scales to permit 
comparison of standardized scores across scales. T Scores above 70 
(2SD) indicate clinical disorder. Clinical subscales include Anxious/-
Depressed, Withdrawn/Depressed, Somatic Complains, Social Problems, 
Thought Problems, Attention Problems, Rule-Breaking Behavior, and 
Aggressive Behavior. Composite scales include Internalizing Problems, 
Externalizing Problems, and Total Problems. Competence scales include 
Activities, School, Social, and Total Competence. In addition, we 
included the Emotion Dysregulation Profile (AAA score); the aggregate T 
score of the Anxious/Depressed, Attention and Aggressive Behaviors 
subscales. While CBCL is a parent-reported scale, studies have docu-
mented cross-rater agreement among parent-report and self-report 
(Althoff et al., 2010; Huang, 2017; Rescorla et al., 2017). 

2.2.2. Social Adjustment Inventory for Children and Adolescents (SAICA) 
The parent of each participant also completed the Social Adjustment 

Inventory for Children and Adolescents (SAICA) (Kathoor et al., 1987). 
The SAICA is a semi-structured interview to assess social functioning. It 
examines the following domains: activities, peer relations, family re-
lations, and academic performance. 

2.2.3. Cognitive assessments 
Cognitive ability was measured using the Wechsler Intelligence Scale 

for Children Revised Version (WISC-R) or Third Edition (WISC-III) for 
subjects younger than 17 years of age and the Wechsler Adult Intelli-
gence Scale Third Edition (WAIS-III) for subjects 17 years of age or older 
(Wechsler, 1974, 1991, 2011). The WISC-R/WISC-III and WAIS-III are 
individually administered tests of intelligence that generate a Full-Scale 
IQ score and scores in the domains of verbal comprehension, visual 
spatial abilities, fluid reasoning, working memory, and processing 
speed. 

2.3. Machine learning methods 

We used the Random Forest algorithm (Chen et al., 2004; Kam, 
1995) which is a decision tree-based machine learning algorithm that 
has been shown to perform well with complex data sets that have many 
features (Chen et al., 2020; Khalilia et al., 2011). The Random Forest 
algorithm uses bootstrap replicas thereby increasing the variance and 
chooses optimal cut-points in order to split nodes. For this specific study, 
the dataset is imbalanced with only 10% of the individuals having a BP-I 
diagnosis at 10 years. Therefore, we used the Balanced Random Forest 

(Chen et al., 2004) from the imblearn python library (version 0.8.0), 
which provides a mechanism to address the sample class bias during 
training by providing each tree a balanced bootstrap sample using an 
under-sampling strategy. We used 1000 trees and the default settings for 
their features split and maximum depth. 

We then used stratified shuffle split, which is a repeated sampling 
cross-validation method to assess the accuracy of the model (sensitivity 
and specificity) for unseen data and to ascertain a distribution of model 
performance, while removing order effects. We created multiple training 
and testing pairs by sampling 80% of these data as a training set and 
using the remaining 20% as a test set of unseen, independent patients. In 
each pair, there was no overlap in samples between the training and test 
set. Each training set was used to train the model and the test set was 
used to evaluate model performance. Using stratification ensures that 
training and test sets have a similar percentage of each target class (BP+
and BP-). The distribution of performance on the test set of these models 
provides a better estimate of our confidence in the accuracy of the 
model, and the shape of the performance distribution can provide clues 
to sampling biases in the data. The algorithm’s performance in pre-
dicting BP-I disorder in subjects using information collected at baseline 
(10 years prior) was evaluated using commonly employed parameters, 
such as accuracy, sensitivity, specificity, F1 score, area under the 
receiver operating characteristic curve (ROC-AUC) and the precision 
recall curve. 

We also examined the feature importance map created during 
repeated sampling cross-validation to determine which features most 
accounted for the model’s predictive accuracy. We estimated the median 
of the feature importance maps weighted by the ROC-AUC in each of the 
cross-validation loop. Although we selected the Random Forest algo-
rithm a priori due to its usefulness with similar data sets, we also tested 
performance from an alternative algorithm, the balanced Bagging 
Classifier (Maclin and Opitz, 1997). The balanced Bagging Classifier 
performed less well (Supplementary Table) than the Random Classifier, 
and we report the findings from the Random Forest algorithm. 

3. Results

3.1. Sensitivity and specificity of the model in predicting final BPD status 

The model computes the probability that a child will develop BP-I 
disorder. When using a probability of 0.5 or greater to predict the 
onset of BP-I disorder, the model accurately predicted the development 
of BP-I disorder with a median sensitivity of 75% and median specificity 
of 76%. The area under the receiver operating characteristic curve 
(ROC-AUC) was with median of 75% and F1 score was with median of 
79% (Table 2). Our model has a false positive rate of 21.6% and a false 
negative rate of 3.1%. 

The average precision-recall curve of all bootstrapped iteration is 
presented in Fig. 1. This curve plots the positive predictive power 
against the sensitivity for each possible cut point on the model’s output 
probability. The ROC-AUC curve is presented in Fig. 2. 

Table 2 
Performance evaluation using repeated sampling cross-validation.   

Median Standard Deviation 

Accuracy 75.69% [66.66 – 82.63] 3.29 
Sensitivity 75.19% [66.14 - 81.88] 3.76 
Specificity 76.47% [47.05 - 100] 10.79 
ROC-AUC 75.26% [74.40 – 77.6] 0.66 
F1 score 79.35% [72.48 - 85.17] 2.5 

Table 2 shows the median and standard deviation values of accuracy, sensitivity, 
specificity, ROC-AUC and F1 score of our machine learning model over several 
repeated sampling cross validation iterations. All the performance evaluation 
metrics are close to each other representing balanced results. 
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3.2. Important features identified to be predictive of BP-I disorder 

To determine which childhood features contributed most to differ-
entiating between children and adolescents who developed BP-I disor-
der and those who did not, we analyzed the feature importance map. The 
top 7 features were CBCL Total t-score, CBLC Externalizing t-score, 
CBCL-AAA score, CBCL Internalizing t-score, CBCL School Competence 
t-score, CBCL Anxious/Depressed t-score and CBCL Aggressive t-score 
(Table 3). It should be noted that for nonlinear models such as Random 
Forest, performance is a function of the combinations of features, not 
that of an isolated feature even if they are most salient. We only show the 
top 7 features because the remaining features were less strong and all 
similar to one another in feature importance. 

4. Discussion

The main aim of the present study was to examine whether machine
learning could predict the future development of BP-I disorder by using 

childhood clinical characteristics. Our model predicted the existence of 
BP-I disorder 10 years into the future with a sensitivity of 75% and a 
specificity of 76%. This is the first evidence that future diagnosis of BP-I 
disorder can be predicted significantly better than chance at an indi-
vidual level. A limitation of machine learning methods with many fea-
tures is that they are a sort of “black box” between inputs (features) and 
outputs (diagnostic status). For that reason, we used methods that 
identified which inputs had the strongest effects. The top seven features 
were all from the CBCL: CBCL Total t-score, CBCL Externalizing t-score, 
CBCL-AAA score, CBCL Internalizing t-score, CBCL School Competence 
t-score, CBCL Anxious/Depressed t-score and CBCL Aggressive t-score. 
All the other 56 features were less predictive and similar to one another 
in strength of prediction. Although identification of relative feature 
strength opens up the black box and can be related to recognizable 
measures, it is important to note that the strength of machine learning 
typically derives from its use of many combined features rather than the 
strength of a few features. While variables such as the CBCL total t- 
scores, AAA scores and externalizing t-scores that showed strength in 
predicting the development of BP-I disorder here are variables that do 
not specifically predict BP-I disorder in clinical practice, machine 
learning uses many combined features to learn and adapt by analyzing 
and drawing inferences from patterns in data that allow personalized 
predictions. This method is different from traditional variable-specific 
predictions and could aid clinical practice in the future. 

Our study suggests that machine learning could aid clinicians in in-
dividual prognosis of the development of the diagnosis of BP-I disorder 
in the 10-year follow up period from clinical characteristics presented in 
childhood. As an example, such a model could alert clinicians and 
caregivers to improve monitoring over a 10-year period. This is espe-
cially important since frequently BP disorder is either preceded by or 
mistaken with depression or ADHD diagnosis, and if the pharmacolog-
ical treatment for depression or ADHD is given to BP disorder patients, it 
could make their condition worse. Therefore, it is critically important to 
assist the clinicians towards better treatment selection in patients with 
high risk of developing BP disorder and our model is the first prognostic 
model to successfully predict the development of BP disorder. 

Our model also has the strength that the features used for prediction 
can be captured in a cost-effective manner, because the top seven fea-
tures can be measured through a parent reported questionnaire and no 
additional clinician time is required. Another strength is the high quality 
of our labeled data with well validated clinical scales and structured 
diagnostic interviews with high inter-rater reliability. The finding that 
severe forms of emotional dysregulation as indexed through the aggre-
gate t-score of CBCL Attention, Aggression and Anxiety/Depression 
scales (CBCL-AAA, or CBCL Emotion Dysregulation Profile) represents a 
childhood predictor for the future development of BP disorder is 
consistent with the literature (Biederman et al., 2012). For example, 
CBCL-AAA scores above 195 can efficiently identify children with a 
structured interview derived cross-sectional diagnosis of pediatric BP-I 
disorder with high accuracy (Yule et al., 2019). 

Our current study also found that not only were the aggregate CBCL 
t-scores predictive of BP-I disorder, but that the individual elevation of 

Fig. 1. Precision-Recall curve of bipolar disorder prediction for several cross- 
validation iterations. The figure shows the median precision-recall of all iter-
ations of the cross-validation. 

Fig. 2. ROC-AUC curve of bipolar disorder prediction for several cross- 
validation iterations. The figure shows the median ROC-AUC of all iterations 
of the cross-validation. 

Table 3 
Top 7 important features identified from classification.  

Features at Baseline Importance values 

CBCL Total t-score 0.065617 
CBLC Externalizing t-score 0.062014 
CBCL-AAA score 0.043109 
CBCL Internalizing t-score 0.042678 
CBCL School Competence t-score 0.039680 
CBCL Anxious/Depressed t-score 0.037959 
CBCL Aggressive t-score 0.034370 

Table 3 shows the top 7 important features. Only the top 7 features are 
selected because there is a drop in importance values after the top 7. All the 
top 7 features contain CBCL related scores. 
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the CBCL anxiety/depression, aggression and attention scores repre-
sented additional risk for future development of BP-I disorder in the 
youth. The high comorbidity between BP disorder and anxiety disorders 
as well as ADHD has been well documented (Biederman et al., 2013; 
Dineen Wagner, 2006; Wingo and Ghaemi, 2007). Also depression is 
part of the BP disorder mood presentation along with manic, hypo-
manic, and mixed mood states. Increased irritability that could involve 
aggression is also part of the criteria of manic episodes. As such, it is not 
surprising that these scales that measure elevation of anxious and 
depressed moods, aggressive behaviors and inattention could be asso-
ciated with future development of BP-I disorder. 

Likewise, the finding that childhood school behavior problems and 
rule breaking behaviors were predictive of the future development of 
BP-I disorder are consistent with the literature. School behavior prob-
lems are present in 83% of children with depression who eventually 
developed bipolar disorder vs. 59% in those who did not (Biederman 
et al., 2009). Other studies have also found that youth who developed BP 
disorder over time struggled with higher levels of school behavioral 
problems when compared with youth who developed unipolar depres-
sion (Wozniak et al., 2004). Rule breaking behaviors are also strongly 
associated with the development of BP disorder in youth (Tseng et al., 
2015). There is a strong bidirectional overlap between BP disorder and 
Conduct Disorder, a disorder that its symptomatology is highly corre-
lated with the CBCL Rule Breaking scores (Biederman et al., 1999, 
2003). 

While BP disorder is a known heritable disease confirmed by 
numerous genetic and family studies (Gordovez and McMahon, 2020; 
Muller and Muller, 2016; Ramos et al., 2019), family history of BP dis-
order had a low feature importance score similar to many other features. 
The reason for these results needs further investigation, but it could be 
due to family history being specific but not sensitive in prediction of 
future outcomes. Thus, it is likely that family history of BP disorder did 
not enter the model because it was redundant with, and weaker than, 
other predictors. Our study has several limitations. Our analysis was 
done in a 10-year longitudinal sample that originally were recruited 
based on the presence or absence of ADHD and was predominantly 
Caucasian. Thus, our results may not generalize to other ethnic groups of 
community samples. Our study focused on BP-I disorder but did not 
include other subtypes of bipolar disorders such as BP-II or cyclothymic 
disorders. Additionally, our study included patients from studies with 
different study assessment time points (boys: 10 years vs. girls: 11 
years), which could have potentially biased the results since the patients 
from the boys had more time to develop bipolar disorder. However, 
there was only a half a year difference in average follow-up time be-
tween the boys and girls studies and the impact of this difference in 
follow-up time was likely minimal. Another limitation is the possibility 
that we used a specific machine learning model. It is possible that other 
machine learning models could perform better or worse than the 
Balanced Random Forest classifier. In the medical literature, however, 
Random Forest classifiers have attained state-of-the-art performance. 
For example, in a 10-year longitudinal aiming to predict the develop-
ment of hypertension, Random Decision Forests outperformed five other 
machine learning models for predicting future hypertension (Elshawi 
et al., 2019). 

When using such predictive models to inform practice, a clinician 
must consider the impact of missed predictions about individuals who 
go on to develop BP (false negatives; 3.1%) and the pressure on system 
resources for those who are monitored but do not develop BP (false 
positives; 21.6%). Given the generally low rate of conversion to BP 
disorder, it may be better to tolerate a high false-positive rate for the 
sake of monitoring a few more children who need such monitoring 
rather than having a high-false negative rate and overlooking children 
who should have been monitored. Improving accuracy may require 
deeper phenotyping, larger sample sizes, and more extensive evaluation 
of different machine learning models. Future research can also show 
whether other measures can improve prediction accuracy, such as 

genetics or neuroimaging; neuroimaging has shown some promise in 
predicting longitudinal progression of mood disorders or symptoms 
(Hirshfeld-Becker et al., 2019; Whitfield-Gabrieli et al., 2020). 

While our model offers the first evidence that BP disorder can be 
statistically predicted 10 years before clinical onset, we need improved 
accuracy in predicting the development of BP disorder in order to better 
inform clinical practice. However, the current model, even with its 
overidentification of false positives, may have value in identifying 
children and adolescents who warrant additional attention by alerting 
clinicians treating the youth with emergent symptoms of mood disorders 
as to their future risk of BP disorder. 
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