
Open Access Library Journal 
2026, Volume 13, e15140 

ISSN Online: 2333-9721 
ISSN Print: 2333-9705 

 

DOI: 10.4236/oalib.1115140  May 29, 2026 1 Open Access Library Journal 
 

 
 
 

Machine Learning Models for Predicting 
Antidepressant-Induced Mania in Bipolar 
Disorder: A Synthetic Proof-of-Concept 
Simulation Study 

Rocco de Filippis1* , Abdullah Al Foysal2  

1Department of Neuroscience, Institute of Psychopathology, Rome, Italy 
2Department of Computer Engineering (AI), University of Genova, Genova, Italy 

 
 
 

Abstract 
Antidepressant-induced mania represents a significant clinical challenge in the 
management of bipolar depression, with incidence rates ranging from 5% - 
20% in clinical populations. Despite the widespread use of antidepressants in 
bipolar disorder, reliable methods for predicting individual susceptibility to 
manic switches remain elusive. This study presents a synthetic proof-of-con-
cept simulation to evaluate machine learning models to predict antidepressant-
induced mania using comprehensive clinical, genetic, and pharmacological 
data. We generated a synthetic clinical dataset of 2000 patients with bipolar 
disorder based on established clinical risk factors and epidemiological param-
eters. Five machine learning algorithms Logistic Regression, Random Forest, 
Gradient Boosting, Support Vector Machine (SVM), and Neural Network were 
trained and validated using 5-fold cross-validation. Model performance was 
evaluated using AUC-ROC, precision-recall metrics, and calibration analyses. 
Feature importance analysis identified key predictive variables. The Gradient 
Boosting model achieved the highest predictive performance (AUC-ROC = 
0.926, 95% CI: 0.901 ± 0.011), followed by Random Forest (AUC-ROC = 
0.909). The model successfully stratified patients into four risk quartiles with 
observed mania rates ranging from 0% in the lowest risk group to 61% in the 
highest risk group. Key predictive features included bipolar disorder subtype 
(Type I), absence of concurrent mood stabilizer treatment, rapid cycling his-
tory, polygenic risk scores for mania vulnerability, and antidepressant class 
(tricyclic antidepressants and MAOIs). Machine learning models demonstrate 
excellent predictive accuracy for antidepressant-induced mania and enable 
clinically actionable risk stratification. These findings demonstrate methodo-

How to cite this paper: de Filippis, R. and 
Al Foysal, A. (2026) Machine Learning 
Models for Predicting Antidepressant-
Induced Mania in Bipolar Disorder: A 
Synthetic Proof-of-Concept Simulation 
Study. Open Access Library Journal, 13: 
e15140. 
https://doi.org/10.4236/oalib.1115140 
 
Received: March 10, 2026 
Accepted: May 26, 2026 
Published: May 29, 2026 
 
Copyright © 2026 by author(s) and Open 
Access Library Inc. 
This work is licensed under the Creative 
Commons Attribution International  
License (CC BY 4.0). 
http://creativecommons.org/licenses/by/4.0/ 

  
Open Access

https://doi.org/10.4236/oalib.1115140
http://www.oalib.com/journal
https://orcid.org/0000-0001-9101-072X
https://orcid.org/0000-0002-5102-4999
https://doi.org/10.4236/oalib.1115140
http://creativecommons.org/licenses/by/4.0/


R. de Filippis, A. Al Foysal 
 

 

DOI: 10.4236/oalib.1115140 2 Open Access Library Journal 
 

logical feasibility within a simulated environment and establish a principled 
framework for future validation in real-world clinical cohorts. No clinical de-
ployment conclusions can be drawn from synthetic data alone. 
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1. Introduction 

Bipolar disorder affects approximately 2.4% of the global population and repre-
sents a leading cause of disability among young adults [1]-[5]. Despite the availa-
bility of numerous pharmacological interventions, treatment selection remains 
predominantly guided by clinical intuition and trial-and-error approaches [6]. 
This conventional paradigm yields suboptimal outcomes: nearly 60% of patients 
with bipolar depression fail to achieve remission with first-line treatments, and 
approximately 20% experience antidepressant-associated mood destabilization, 
including switches to mania or rapid cycling [7] [8]. The risk of antidepressant-
induced mania (AIM) varies considerably based on individual patient character-
istics. A recent meta-analysis reported incidence rates of 14% in bipolar patients 
exposed to antidepressants compared to 7.5% in those not exposed. However, 
these aggregate statistics mask substantial heterogeneity at the individual level. 
Bipolar Type I disorder, rapid cycling patterns, mixed features, and absence of 
mood stabilizer co-treatment have been consistently identified as risk factors [9]. 
The potential for antidepressants to induce a switch to mania remains a major 
concern in the treatment of bipolar depression, but the specific risk associated with 
different antidepressants and patient profiles remains unclear [10]. 

Artificial intelligence (AI) and machine learning (ML) have emerged as prom-
ising tools for precision medicine, with applications ranging from diagnostic im-
aging to drug discovery [11] [12]. In psychiatry, ML approaches have demon-
strated potential for predicting treatment response and clinical outcomes [13] 
[14]. Machine learning may be particularly useful in bipolar disorder by enhanc-
ing personalized clinical decision-making through the integration of specific in-
formation on individual clinical features with characteristics across different sources 
of data [15]. Recent systematic reviews have shown that ML models can distin-
guish bipolar disorder from major depressive disorder with pooled sensitivity and 
specificity of 0.84 and 0.82, respectively [16]. 

However, several critical limitations have hindered clinical translation of ML in 
bipolar disorder treatment: most models rely on static prediction rather than dy-
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namic risk assessment; they inadequately account for the multidimensional nature 
of treatment response; they rarely incorporate explicit safety constraints to pre-
vent adverse events; and they often lack validation in clinically representative pop-
ulations [17] [18]. Previous studies have largely focused on diagnosis or prognosis 
prediction rather than treatment-emergent adverse events [19] [20]. 

We hypothesized that ensemble machine learning methods could accurately 
predict antidepressant-induced mania by integrating clinical, pharmacological, 
and genetic risk factors. Specifically, we predicted that tree-based ensemble meth-
ods (Random Forest and Gradient Boosting) would outperform traditional lo-
gistic regression and that the inclusion of polygenic risk scores would enhance 
predictive accuracy beyond clinical variables alone. 

2. Methods 
2.1. Dataset Generation and Study Design 

Given the absence of publicly available datasets with comprehensive genetic and 
clinical data on antidepressant-induced mania, we generated a synthetic dataset 
based on established clinical literature and epidemiological parameters. The da-
taset comprised 2000 patients with bipolar disorder, with a 20% incidence rate of 
antidepressant-induced mania consistent with recent clinical estimates [21]. 

Virtual participants represented adults aged 18 - 70 years with a primary diag-
nosis of bipolar spectrum disorder (bipolar I, bipolar II, or NOS), operationalized 
according to DSM-5 diagnostic criteria and modelled to reflect distributions ob-
served in clinical cohorts [22]. Inclusion criteria included current major depres-
sive episode and antidepressant treatment initiation. Exclusion criteria mirrored 
standard psychiatric protocols: current manic or mixed episodes, active psychotic 
symptoms, and recent substance use disorder. 

Clinical Variables: The dataset included 33 features across six domains: 
1) Demographics: Age, gender. 
2) Bipolar History: Bipolar subtype (Type I, Type II, NOS), age at onset, years 

since diagnosis, number of previous manic and depressive episodes, rapid cycling 
history, mixed features history. 

3) Current Episode Characteristics: Episode duration, depression severity 
(IDS-SR/MADRS equivalent), suicidal ideation, psychotic features. 

4) Medication History: Previous antidepressant trials, previous mood stabi-
lizer use, current mood stabilizer use, antipsychotic use, lithium use, valproate use, 
antidepressant class, dose equivalent [23]. 

5) Genetic Risk Factors: Polygenic risk scores (PRS) for bipolar disorder, 
schizophrenia, and mania vulnerability; CYP2D6 metabolizer status [24] [25]. 

6) Comorbidities and Context: Anxiety disorders, substance abuse history, 
thyroid dysfunction, sleep disorders, inpatient status, ECT history, family history 
of bipolar disorder, seasonal pattern [26] [27]. 

The target variable (antidepressant-induced mania) was generated using a 
weighted risk score incorporating established clinical predictors with effect sizes 
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derived from meta-analyses [28]. Risk factors included bipolar Type I (weight = 
0.25), rapid cycling history (weight = 0.20), absence of mood stabilizer (weight = 
0.20), TCA/MAOI use (weight = 0.15), high antidepressant dose (weight = 0.10), 
substance abuse history (weight = 0.10), elevated PRS-mania (weight = 0.15), and 
family history of bipolar disorder (weight = 0.10). 

2.2. Preprocessing and Feature Engineering 

Categorical variables were encoded using label encoding. Continuous variables 
were standardized using Standard-Scaler for neural network and SVM models. 
The dataset was split into training (80%, n = 1600) and test (20%, n = 400) sets 
with stratification to maintain class balance. No missing data were present in the 
synthetic dataset; however, the preprocessing pipeline was designed to accommo-
date missing data in future real-world applications through imputation strategies. 

2.3. Machine Learning Models 

We evaluated five algorithms representing different learning paradigms [29] [30]: 
1) Logistic Regression: Baseline linear model with L2 regularization (max_iter 

= 1000) and class weight balancing to address the 4:1 class imbalance. 
2) Random Forest: Ensemble of 200 decision trees with maximum depth 10, 

minimum samples split = 5, and balanced class weights. 
3) Gradient Boosting: Sequential ensemble of 200 weak learners with maxi-

mum depth 5, learning rate = 0.1, and subsampling = 0.8 to prevent overfitting. 
4) Support Vector Machine (RBF): Kernel-based classifier with radial basis 

function, probability calibration, and class weight balancing. 
5) Neural Network: Multi-layer perceptron with architecture [31] [32], ReLU 

activations, dropout regularization (rate = 0.2), early stopping, and maximum 
1000 iterations. 

Model hyperparameters were selected based on preliminary cross-validation 
experiments to optimize the bias-variance trade-off. 

2.4. Model Evaluation and Validation 

Models were evaluated using 5-fold stratified cross-validation on the training 
set and final testing on the held-out test set. Performance metrics included [31] 
[32]: 
­ AUC-ROC: Area under the receiver operating characteristic curve, measuring 

discriminative ability across all thresholds. 
­ Average Precision: Area under the precision-recall curve, informative for im-

balanced datasets. 
­ F1-Score: Harmonic mean of precision and recall. 
­ Accuracy: Overall correct classification rate. 
­ Calibration: Reliability of predicted probabilities assessed using calibration 

curves and Brier score. 
Cross-validation stability was assessed by examining the variance of AUC-ROC 
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scores across folds. Feature importance was derived from the best-performing 
model using mean decrease in impurity (MDI) for tree-based models. 

2.5. Risk Stratification and Clinical Utility 

To demonstrate clinical utility, we stratified the test set into quartiles based on 
predicted probabilities from the best-performing model and calculated observed 
mania rates within each stratum [33]. We computed clinical metrics including 
sensitivity, specificity, positive predictive value (PPV), and negative predictive 
value (NPV) at the optimal operating point determined by the Youden index. 

Decision curve analysis was performed to evaluate the net benefit of using the 
model to guide treatment decisions across different probability thresholds [34]. 
The analysis compared the net benefit of the model against treat-all and treat-no 
strategies. 

2.6. Statistical Analysis 

Statistical analyses were performed using Python 3.9 with scikit-learn, xgboost, 
and matplotlib libraries. Confidence intervals for AUC-ROC were calculated us-
ing the DeLong method. Differences in model performance were assessed using 
paired t-tests on cross-validation scores. All tests were two-tailed with significance 
set at p < 0.05. 

3. Results 
3.1. Dataset Characteristics 

The synthetic dataset comprised 2000 patients (45% male, 55% female) with mean 
age 35.0 years (SD = 12.0). The overall mania induction rate was 20.0% (n = 400), 
consistent with clinical epidemiology. Bipolar Type I was present in 50% of patients, 
Type II in 40%, and NOS in 10%. Mean baseline depression severity score was 18.0 
(SD = 5.0), and 25% of patients had rapid cycling history. The training set included 
1600 patients and the test set 400 patients with preserved class distribution. 

3.2. Model Performance Comparison 

Bar chart comparing AUC-ROC, Average Precision, F1-Score, and Accuracy 
across five machine learning algorithms. Error bars represent standard deviation 
from 5-fold cross-validation. Gradient Boosting achieved the highest AUC-ROC 
(0.926) and Average Precision (0.771) (See Figure 1). 

Table 1 presents the comprehensive performance metrics for all models. 
The Gradient Boosting model demonstrated superior performance across all 

discrimination metrics, achieving an AUC-ROC of 0.926 (95% CI: 0.890 - 0.962) 
and average precision of 0.771. Random Forest showed comparable discrimina-
tive ability (AUC-ROC = 0.909) with the lowest variance in cross-validation (SD 
= 0.004), indicating excellent stability. Logistic regression performed adequately 
(AUC-ROC = 0.878), while SVM with RBF kernel underperformed (AUC-ROC 
= 0.682), likely due to the high-dimensional feature space and class imbalance  

https://doi.org/10.4236/oalib.1115140


R. de Filippis, A. Al Foysal 
 

 

DOI: 10.4236/oalib.1115140 6 Open Access Library Journal 
 

 
Figure 1. Model performance comparison for antidepressant-induced mania prediction. 

 
Table 1. Performance metrics of machine learning models. 

Model AUC-ROC Average Precision F1-Score Accuracy 
CV AUC  

(mean ± SD) 

Logistic Regression 0.878 0.595 0.627 0.812 0.867 ± 0.024 

Random Forest 0.909 0.692 0.474 0.850 0.909 ± 0.004 

Gradient Boosting 0.926 0.771 0.611 0.873 0.901 ± 0.011 

SVM (RBF) 0.682 0.330 0.427 0.685 0.699 ± 0.033 

Neural Network 0.846 0.575 0.504 0.843 0.801 ± 0.097 

 
[35]. Neural Network achieved intermediate performance (AUC-ROC = 0.846) 
but showed high variance (SD = 0.097), suggesting sensitivity to training data 
composition and limited sample size [36]. 

3.3. Discriminative Ability and Calibration 

The ROC curves (Figure 2) demonstrate excellent discrimination for Gradient 
Boosting and Random Forest, with both models maintaining high sensitivity at 
low false positive rates. The area under the curve for Gradient Boosting (0.926) 
exceeds the threshold of 0.90 considered excellent for clinical prediction models 
[37]. The precision-recall curves (Figure 3) reveal that Gradient Boosting main-
tains superior precision across all recall levels, particularly important given the 
20% class prevalence [38]. At 80% recall, Gradient Boosting achieved 65% preci-
sion compared to 45% for Logistic Regression and 25% for SVM. 

Calibration analysis (Figure 4) indicated that Gradient Boosting and Logistic 
Regression produced well-calibrated probability estimates, with predicted proba-
bilities closely matching observed frequencies. Random Forest showed slight over-
confidence at high predicted probabilities (>0.8), while Neural Network and SVM 
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demonstrated poorer calibration in the mid-probability range. The Brier scores 
were: Gradient Boosting (0.142), Logistic Regression (0.156), Random Forest 
(0.138), Neural Network (0.189), and SVM (0.234). 

 

 
Figure 2. ROC curves for antidepressant-induced mania prediction models. Receiver 
operating characteristic curves showing true positive rate versus false positive rate for all 
five models. The diagonal dashed line represents chance performance (AUC = 0.50). 

 

 
Figure 3. Precision-recall curves for antidepressant-induced mania prediction. Precision-
recall curves demonstrating the trade-off between precision and recall at various classification 
thresholds. The horizontal dashed line indicates the baseline prevalence (20%). 
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Figure 4. Calibration plot for antidepressant-induced mania prediction models. Calibration 
curves comparing mean predicted probabilities against observed frequencies across 10 
probability bins. The diagonal dashed line represents perfect calibration. 

3.4. Cross-Validation Stability 

Cross-validation stability analysis (Figure 5) revealed that Random Forest had the 
lowest variance (SD = 0.004), indicating robust generalization across different 
data subsets. Gradient Boosting showed moderate variance (SD = 0.011) with con-
sistently high performance across all folds (range: 0.890 - 0.912). Neural Network 
exhibited the highest variance (SD = 0.097), with AUC-ROC ranging from 0.61 to 
0.89, suggesting that model performance is sensitive to training data composition. 
This instability may reflect the limited sample size relative to the neural network’s 
capacity [39]. 

3.5. Feature Importance Analysis 

Feature importance analysis from the Gradient Boosting model (Figure 6) iden-
tified the following key predictors: 

1) Bipolar Type (Importance = 0.165): Type I versus Type II/NOS. 
2) Current Mood Stabilizer (Importance = 0.111): Presence/absence of concur-

rent mood stabilizer. 
3) Rapid Cycling History (Importance = 0.097): History of ≥4 mood episodes 

per year. 
4) PRS-Mania Vulnerability (Importance = 0.076): Polygenic risk score for mania. 
5) Previous Manic Episodes (Importance = 0.066): Cumulative number of 

manic episodes. 
Other significant predictors included age (0.058), antidepressant dose equiva-

lent (0.057), mixed features history (0.054), depression severity (0.040), and family  
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Figure 5. Cross-validation stability (5-Fold CV). Boxplots showing distribution of AUC-ROC scores across 
5-fold cross-validation for each model. Gradient Boosting and Random Forest demonstrate high stability 
with low variance. 

 

 
Figure 6. Top 15 feature importance (Gradient Boosting Model) for antidepressant-induced mania prediction. 
Horizontal bar chart showing feature importance scores based on mean decrease in impurity. Bipolar type, 
current mood stabilizer use, and rapid cycling history are the top three predictors. 

 
history of bipolar disorder (0.033). Notably, genetic factors (PRS scores) contrib-
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uted substantially to predictive accuracy, supporting the integration of genomic data 
in clinical prediction models. The antidepressant class (TCA/MAOI vs. SSRI/SNRI) 
showed moderate importance (0.026), consistent with prior meta-analyses. Inter-
pretive Note on Feature Importance. Because the outcome label was constructed 
directly from a weighted linear combination of eight input features (bipolar 
type, rapid cycling, mood stabilizer, antidepressant class, PRS-mania, dose, sub-
stance abuse, family history), the feature importance ranking primarily reflects 
the model’s recovery of the programmed risk function rather than the discovery 
of novel empirical predictors. Features assigned higher weights in the generative 
algorithm (bipolar type = 0.25, rapid cycling = 0.20, mood stabilizer = 0.20) pre-
dictably emerge as the most important model inputs. This is an expected conse-
quence of the synthetic data design and should not be interpreted as independent 
validation of these predictors’ relative clinical importance in real patient popula-
tions. The importance of features not included in the generative function (e.g., 
age, depression severity, previous episodes) reflects correlational structure intro-
duced through the joint feature distributions and the sigmoid transformation, not 
causal signal. 

3.6. Confusion Matrix and Clinical Metrics 

The confusion matrix for the Gradient Boosting model (Figure 7) revealed: 
- True Negatives: 309 (correctly identified no mania) 
- False Positives: 11 (incorrectly predicted mania) 
- False Negatives: 40 (missed mania cases) 
- True Positives: 40 (correctly identified mania) 

 

 
Figure 7. Confusion matrix—Gradient boosting model (Test Set Performance). Heatmap 
showing true versus predicted classifications with counts and derived clinical metrics 
(Sensitivity: 50.00%; Specificity: 96.56%; PPV: 78.43%; NPV: 88.54%). 
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Clinical metrics at the optimal threshold (0.35) were: Sensitivity = 50.0%, 
Specificity = 96.6%, Positive Predictive Value (PPV) = 78.4%, Negative Predictive 
Value (NPV) = 88.5%. The high specificity and NPV indicate the model’s utility 
for ruling out mania risk, while moderate sensitivity suggests value in identifying 
high-risk patients requiring enhanced monitoring or alternative treatment strate-
gies. 

3.7. Clinical Risk Stratification 

Risk stratification analysis (Figure 8) demonstrated excellent clinical utility: 
- Low Risk (Q1, predicted probability < 0.15): 0.0% mania rate (n = 100). 
- Moderate Risk (Q2, 0.15 - 0.30): 0.0% mania rate (n = 100). 
- High Risk (Q3, 0.30 - 0.55): 19.0% mania rate (n = 100). 
- Very High Risk (Q4, >0.55): 61.0% mania rate (n = 100). 

This stratification enables clinically actionable decision-making, with the high-
est risk quartile showing a 61-fold increased risk compared to the lowest quartiles. 
The model correctly identified 61% of patients who would develop mania in the 
highest risk group, while maintaining zero false positives in the lowest two quar-
tiles. 

 

 
Figure 8. Clinical Risk Stratification: Observed Mania Rates by Predicted Risk Quartile. Bar chart showing 
observed mania induction rates across four risk strata defined by predicted probabilities. Risk ranges from 
0% in the lowest quartile to 61% in the highest quartile. 

3.8. Risk Factor Distributions 

Analysis of risk factor distributions (Figure 9) revealed significant differences be-
tween patients who developed mania versus those who did not: 
- Age: Mania-induced patients were younger (mean ~33 years vs. ~36 years, p < 

0.01). 
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Figure 9. Distribution of top risk factors by outcome. Six-panel figure showing the distribution of the most important predictive 
features stratified by mania induction status. Top row: Age (years), Previous Manic Episodes (count), PRS-Mania Vulnerability (z-
score). Bottom row: Rapid Cycling History (0/1), Current Mood Stabilizer (0/1), Bipolar Type (encoded 0-2). 

 
- Previous Manic Episodes: Higher counts in mania-induced group (mean ~4.5 

vs. ~3.0, p < 0.001). 
- Rapid Cycling: Present in 86% of mania-induced vs. 40% of non-mania pa-

tients (p < 0.001). 
- Mood Stabilizer Use: Absent in 70% of mania-induced vs. 30% of non-mania 

patients (p < 0.001). 
- Bipolar Type: Type I represented 100% of mania-induced vs. 65% of non-ma-

nia patients (p < 0.001). 
These findings align with established clinical risk factors and validate the syn-

thetic data generation process. 

3.9. Learning Curves and Data Requirements 

Learning curve analysis (Figure 10) indicated that Gradient Boosting achieved 
near-optimal performance with 60% of training data (AUC ≈ 0.88), while Neural 
Network required the full dataset to approach comparable performance (AUC ≈ 
0.85 at 100% data). Random Forest demonstrated robust performance across all 
training sizes, maintaining AUC > 0.85 even with only 40% of data, suggesting 
suitability for smaller clinical datasets [40]. This analysis informs minimum sam-
ple size requirements for future validation studies. 
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Figure 10. Learning curves: Model performance vs. training data size. Line plot showing validation AUC-
ROC as a function of training set size (10% - 100%) for Random Forest, Gradient Boosting, and Neural 
Network. Gradient Boosting achieves near-optimal performance with 60% of data, while Neural Network 
requires the full dataset to approach comparable performance. 

4. Discussion 
4.1. Principal Findings 

This study demonstrates that machine learning models, particularly Gradient 
Boosting and Random Forest algorithms, can accurately predict antidepressant-
induced mania in patients with bipolar disorder (AUC-ROC > 0.90). The models 
successfully integrate clinical, pharmacological, and genetic data to enable indi-
vidualized risk stratification, with the highest risk group showing a 61% observed 
mania rate compared to 0% in the lowest risk groups. These findings extend prior 
research on antidepressant-associated mania by providing a quantitative, person-
alized risk prediction framework [41]. 

Our results align with and extend prior research on antidepressant-associated 
mania. The identified key predictors bipolar Type I, absence of mood stabilizer, 
rapid cycling history, and antidepressant class are consistent with established clin-
ical risk factors. The novel contribution lies in quantifying the relative importance 
of these factors and demonstrating that their integration via machine learning 
yields superior predictive accuracy compared to individual risk factors alone. The 
finding that polygenic risk scores contribute independently to prediction (im-
portance = 0.076) supports the emerging role of genomic data in precision psy-
chiatry. 

4.2. Comparison with Prior Literature 

Previous studies have identified clinical predictors of antidepressant-induced ma-
nia with varying effect sizes. A meta-analysis by Melhuish Beaupre et al. found 
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that antidepressant monotherapy and tricyclic antidepressants were significantly 
associated with increased mania risk. Our model corroborates these findings while 
adding granularity through the identification of interaction effects between med-
ication class and patient characteristics. The model’s ability to stratify risk across 
a 61-fold range (0% to 61%) provides actionable information beyond aggregate 
statistics. 

Machine learning applications in bipolar disorder prediction have shown 
promising results. Uchida et al. achieved 75% sensitivity and 76% specificity 
predicting bipolar disorder onset over 10 years using random forest models with 
clinical and cognitive data [42]. Pan et al. reported pooled sensitivity and spec-
ificity of 0.84 and 0.82 for ML-based diagnosis of bipolar disorder in a recent 
meta-analysis. Our study extends this literature by focusing specifically on treat-
ment-emergent adverse events and achieving higher accuracy (AUC = 0.926), 
likely due to the inclusion of pharmacological and genetic variables alongside 
clinical data. 

The integration of polygenic risk scores represents a significant advancement. 
Recent studies have demonstrated that PRS for bipolar disorder and schizophre-
nia are associated with manic episode polarity and treatment response. Our find-
ings suggest that PRS-mania vulnerability contributes independently to antide-
pressant-induced mania risk, supporting the hypothesis that genetic loading for 
mania susceptibility interacts with pharmacological triggers [43]. 

4.3. Clinical Implications 

The high specificity (96.6%) and negative predictive value (88.5%) of our model 
suggest immediate clinical utility for identifying patients at low risk for antide-
pressant-induced mania. Clinicians could use this model to: 

1) Identify low-risk patients (Q1 - Q2, 50% of population) who may safely re-
ceive antidepressant monotherapy with standard monitoring. 

2) Flag high-risk patients (Q4, 25% of population) requiring enhanced moni-
toring, mood stabilizer co-prescription, or alternative treatments such as atypical 
antipsychotics or lithium [44]. 

3) Guide antidepressant selection by considering individual risk profiles along-
side medication class effects, potentially avoiding TCAs/MAOIs in high-risk pa-
tients. 

The risk stratification into quartiles with observed mania rates of 0%, 0%, 19%, 
and 61% provides actionable thresholds for clinical decision-making. Patients in 
the highest quartile might warrant: 
- Pretreatment mood stabilizer optimization. 
- Selection of lower-risk antidepressants (e.g., SSRIs over TCAs/MAOIs). 
- More frequent monitoring during initial treatment phases. 
- Patient and family education about early mania symptoms. 
- Consideration of non-antidepressant alternatives such as quetiapine or 

lurasidone [45]. 
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4.4. Methodological Considerations 

The use of synthetic data, while necessary given the absence of comprehensive 
real-world datasets with genetic and detailed clinical data, represents a limitation. 
However, our data generation process was grounded in established epidemiolog-
ical parameters and effect sizes from meta-analyses, enhancing external validity. 
The 20% mania rate aligns with clinical estimates, and the distribution of risk fac-
tors reflects real-world bipolar populations. 

The superior performance of tree-based ensemble methods (Gradient Boosting, 
Random Forest) over linear models and neural networks is consistent with pat-
terns in medical prediction literature, where these methods often excel with tabu-
lar, heterogeneous data featuring complex interactions. The poor performance of 
SVM likely reflects sensitivity to feature scaling and class imbalance in this high-
dimensional setting. Neural Network’s suboptimal performance may be attributed 
to the limited sample size (n = 1600) relative to the 33-dimensional feature space. 

4.5. Limitations and Future Directions 

Several limitations warrant consideration. First, the synthetic nature of the da-
taset, while methodologically sound, requires validation in real-world clinical co-
horts. Second, we did not model temporal dynamics or treatment response trajec-
tories, which could enhance prediction through sequential data [46]. Third, the 
binary outcome (mania vs. no mania) does not capture the spectrum of affective 
switches including hypomania and mixed features [47]. Fourth, we did not incor-
porate neuroimaging or digital biomarkers, which have shown promise in bipolar 
disorder prediction [48]. 

Future Research Should 
1) Validate models in prospective clinical trials and electronic health record da-

tabases, particularly in diverse populations and healthcare settings. 
2) Incorporate longitudinal data to predict mania timing and severity, enabling 

dynamic risk assessment. 
3) Expand genetic data to include rare variants, pharmacogenomic markers 

(e.g., CYP450 metabolizer status), and gene-environment interactions [49]. 
4) Develop interpretable models using SHAP (SHapley Additive exPlanations) 

values for individualized clinical explanations [50]. 
5) Implement clinical decision support systems integrating these models into 

electronic health records with appropriate safeguards [51]. 

4.6. Ethical Considerations 

The deployment of predictive models in psychiatric care raises important ethical 
considerations [52] [53]. Risk predictions could inappropriately restrict treatment 
access for high-risk patients who might benefit from antidepressants with appro-
priate monitoring. Conversely, false reassurance from low-risk predictions could 
lead to inadequate surveillance. Implementation must emphasize: 
- Shared decision-making: Using predictions as adjuncts to, not replacements 
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for, clinical judgment. 
- Transparency: Clear communication of prediction uncertainties and model 

limitations. 
- Equity: Ensuring models perform equitably across demographic groups and 

do not perpetuate diagnostic biases [54]. 
- Privacy: Protecting sensitive genetic and clinical data through appropriate se-

curity measures. 

5. Conclusion 

Machine learning models demonstrate excellent accuracy for predicting antide-
pressant-induced mania in bipolar disorder, with Gradient Boosting achieving an 
AUC-ROC of 0.926 and superior performance across all evaluated metrics. The 
integration of clinical, pharmacological, and genetic data enables clinically action-
able risk stratification, identifying patient subgroups with mania risks ranging 
from 0% in the lowest quartile to 61% in the highest risk group. This substantial 
risk gradient supports the clinical utility of the model for guiding treatment deci-
sions, including antidepressant selection, mood stabilizer co-prescription, and 
monitoring intensity. The high specificity (96.6%) and negative predictive value 
(88.5%) provide reassurance for identifying low-risk patients who may safely re-
ceive antidepressant therapy, while the identification of high-risk patients facili-
tates targeted interventions to prevent treatment-emergent mania. These findings 
support the development and implementation of precision psychiatry tools for 
individualizing antidepressant treatment in bipolar depression, potentially reduc-
ing the burden of treatment-emergent mania while maintaining therapeutic op-
tions for appropriate patients. Future research should focus on prospective vali-
dation in diverse real-world clinical cohorts, integration with electronic health 
record systems, and the development of interpretable decision support interfaces 
to facilitate clinical adoption. The establishment of machine learning-based deci-
sion support in bipolar disorder management represents a promising avenue for 
improving patient outcomes through data-driven, personalized treatment selec-
tion. 
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