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Abstract 
Bipolar disorder is a complex psychiatric condition characterized by alternat-
ing mood episodes, ranging from depression to mania. Accurate and timely 
detection of a patient’s current mood state is critical for optimizing treatment 
strategies and preventing relapse. However, traditional clinical assessments are 
often subjective and prone to variability. This study proposes a data-driven, 
machine learning-based framework to classify mood states using synthetic but 
clinically informed patient data. We generated a dataset of 2000 virtual pa-
tients, incorporating key clinical variables such as lithium levels, sleep dura-
tion, stress levels, medication adherence, therapy attendance, and family his-
tory. Advanced feature engineering derived clinically relevant variables includ-
ing therapeutic lithium ranges, adherence-stress ratios, and mood score for-
mulations to reflect real-world variability and interaction effects. The pipeline 
integrates robust preprocessing techniques, SMOTE for class imbalance, and a 
stacked ensemble classifier combining Random Forest and XGBoost as base 
learners with logistic regression as the meta-classifier. Model evaluation across 
multiple metrics revealed an overall classification accuracy of 61%, with par-
ticularly strong performance in identifying manic states (F1 = 0.77). Visualiza-
tion tools—including ROC curves, confusion matrices, feature importance 
plots, and PCA-reduced decision boundaries—were employed to enhance in-
terpretability and clinical relevance. The model identified stress level, sleep de-
viation, and medication adherence as key predictors, aligning well with estab-
lished psychiatric insights. While classification of euthymic and depressed 
states remains more challenging, this work demonstrates the feasibility and 
clinical utility of machine learning approaches in mood state prediction. It 
sets the stage for further research with real-world clinical data and empha-
sizes the importance of interpretable, feature-rich models in psychiatric 

How to cite this paper: de Filippis, R. and 
Al Foysal, A. (2025) A Machine Learning 
Framework for Mood State Classification in 
Bipolar Disorder Using Clinical Features. 
Open Access Library Journal, 12: e13869. 
https://doi.org/10.4236/oalib.1113869 
 
Received: June 28, 2025 
Accepted: August 18, 2025 
Published: August 21, 2025 
 
Copyright © 2025 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.1113869
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.1113869
http://creativecommons.org/licenses/by/4.0/


R. de Filippis, A. Al Foysal 
 

 

DOI: 10.4236/oalib.1113869 2 Open Access Library Journal 
 

decision support. 
 

Subject Areas 
Computational Psychiatry, Machine Learning 
 

Keywords 
Bipolar Disorder, Mood Classification, Machine Learning, Ensemble  
Learning, Explainable AI, Clinical Decision Support, Feature Engineering, 
Synthetic Data, Computational Psychiatry, Digital Health 

 

1. Introduction 

Bipolar disorder (BD) is a chronic and recurrent psychiatric condition marked by 
oscillating episodes of depression, euthymia, and mania [1]-[4]. These fluctuating 
mood states significantly impact a patient’s cognition, functioning, and quality of 
life [5]-[8]. Accurate identification of a patient’s current mood state is crucial for 
timely clinical interventions, medication adjustments, and the prevention of re-
lapses [9]-[11]. Despite its clinical importance, mood state classification largely 
depends on patient self-reports, clinical interviews, and subjective rating scales, 
which are susceptible to bias, inconsistency, and underreporting [12]-[14]. Recent 
advances in machine learning (ML) and computational psychiatry offer promis-
ing avenues to address this diagnostic gap [15]-[17]. The integration of behav-
ioural, biochemical, and therapy-related variables into predictive models has the 
potential to improve the objectivity and reproducibility of mood state classifica-
tion [18]-[21]. However, many existing models suffer from limitations such as 
small sample sizes, lack of interpretability, and inadequate handling of class im-
balance, particularly underrepresentation of transitional states like euthymia [22]-
[27]. In this study, we present a comprehensive machine learning framework de-
signed to classify mood states in patients with bipolar disorder using simulated 
clinical data enriched with domain knowledge. We employ realistic data genera-
tion for 2000 virtual patients, incorporating features including lithium levels, 
medication adherence, sleep patterns, stress levels, therapy attendance, and family 
psychiatric history. Advanced feature engineering introduces nonlinear clinical 
interactions such as therapeutic lithium ranges, adherence-stress ratios, and sleep 
deviation scores. To address the heterogeneity of the data and enhance generali-
zation, we utilize a stacked ensemble classifier composed of Random Forest and 
XGBoost base models, with a logistic regression meta-learner. Our pipeline in-
cludes robust preprocessing, SMOTE-based balancing, and interpretable visuali-
zations such as confusion matrices, ROC curves, and decision boundaries. This 
approach demonstrates the feasibility of mood state prediction with strong clinical 
interpretability, laying the groundwork for deployment in real-world psychiatric 
settings. 
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2. Methodology 
2.1. Pipeline Overview 

We developed a modular, end-to-end machine learning pipeline aimed at classi-
fying mood states in patients with bipolar disorder. The pipeline is designed for 
interpretability, clinical realism, and scalability. It consists of these primary com-
ponents: synthetic clinical data generation, clinically informed feature engineer-
ing, preprocessing and transformation, ensemble model training and tuning, and 
evaluation with interpretability outputs. The comprehensive structure is visually 
outlined in Figure 1, capturing each phase from raw data synthesis to model de-
ployment. 
 

 
Figure 1. End-to-end AI-based machine learning pipeline. 

2.2. Data Generation and Feature Engineering 

We constructed a synthetic dataset representing 2000 patients diagnosed with bi-
polar disorder. The data was designed to mirror real-world clinical distributions 
and variance, incorporating variables such as: 
• Demographics: Age (18 - 80 years), Gender (male/female) 
• Biological Measures: Lithium serum levels 
• Behavioural Indicators: Sleep hours, physical activity, social interaction 
• Clinical History: Mood swing frequency, previous episodes, family history 
• Adherence Metrics: Lithium adherence (%), therapy attendance (%) 
• Environmental Stress: Perceived stress level (scale 0 - 10) 

A continuous mood score was computed using a linear combination of the 
above features, weighted based on psychiatric relevance (e.g., higher weight to 
lithium level and stress). This continuous variable was then thresholder into three 
categories: Depressed, Euthymic, and Manic. 

https://doi.org/10.4236/oalib.1113869


R. de Filippis, A. Al Foysal 
 

 

DOI: 10.4236/oalib.1113869 4 Open Access Library Journal 
 

To increase model expressivity, we applied advanced feature engineering based 
on domain knowledge: 
• Therapeutic Lithium Range: Binary indicator identifying if the lithium level 

lies between 0.6 and 1.0 mmol/L [28]-[30]. 
• Sleep Deviation: Absolute difference from 7 hours, considered optimal for 

mental health [31]-[33]. 
• Adherence-Stress Ratio: Captures patient stability by contrasting medication 

compliance against stress levels [34] [35]. 
• High-Risk Flag: Combines previous episodes >5 and positive family history to 

indicate recurrence risk [36]-[38]. 
The continuous mood score was discretized into three clinically relevant cate-

gories: 
- Depressed: Mood Score ≤ −0.5 
- Euthymic: −0.5 < Mood Score < 0.5 
- Manic: Mood Score ≥ 0.5 

These thresholds were chosen to reflect a neutral clinical mood band around 
euthymia, where mood states within ±0.5 deviations are generally considered sta-
ble. Deviations beyond this band typically signify clinically observable manic or 
depressive episodes, consistent with diagnostic guidelines. 

These engineered features introduced critical nonlinear dependencies often 
seen in psychiatric evaluations but rarely modelled explicitly in computational 
frameworks. 

Synthetic Data Generation Details 
Each clinical feature was generated using domain-informed distributions and pa-
rameter ranges to simulate realistic patient variability below in Table 1: 
 
Table 1. Clinical feature distributions and parameter settings for synthetic data generation. 

Feature Distribution Parameters Range 

Age Uniform 18 to 80 years [18, 80] 

Lithium Level (mmol/L) Normal μ = 0.7, σ = 0.2 [0.3, 1.2] 

Sleep Hours Normal μ = 7, σ = 1.5 [3, 12] 

Stress Level Uniform 0 to 10 [0, 10] 

Lithium Adherence (%) Beta (skewed high) α = 5, β = 2 [0, 100] 

Therapy Attendance (%) Beta α = 4, β = 3 [0, 100] 

Mood Swing Frequency Poisson λ = 2 ≥0 

Family History Bernoulli p = 0.4 0 or 1 

 

The continuous mood score was computed as follows: 

Mood Score 0.4 Lithium Level 0.3 Stress Level 0.2 Sleep Deviation
0.15 Lithium Adherence 0.1 Therapy Attendance
0.05 Family History

= × − × − ×
+ × − ×
+ ×
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Sleep Deviation = |Sleep Hours – 7| 
Weights were selected based on psychiatric literature indicating that lithium 

levels and stress are the strongest mood determinants, while adherence and ther-
apy contribute moderate effects. 

2.3. Preprocessing and Imputation 

Robust preprocessing was conducted to prepare the dataset for machine learning. 
Numerical features with missing values were imputed using the median, ensuring 
resistance to skewed distributions [39]-[41]. Categorical variables were imputed 
with their mode (most frequent value). To maintain numerical stability across 
features, we employed RobustScaler, which scales features based on interquartile 
ranges, minimizing the effect of outliers. A ColumnTransformer was used to sep-
arate numeric and categorical pipelines, each applying their own imputation and 
transformation sequence. For categorical variables, we applied OneHotEncoding, 
which preserves all unique values while enabling compatibility with tree-based 
models. 

2.4. Model Architecture and Training 

We employed a stacked ensemble model for classification, leveraging the 
strengths of diverse learners. The ensemble comprises: 
• Base Learners: 

○ Random Forest Classifier: An ensemble of decision trees that handles non-
linearities and provides intrinsic feature importance. 

○ XGBoost Classifier: A gradient boosting model offering fine control over 
regularization and tree structure, effective for tabular clinical data. 

• Meta-Learner: 
○ Logistic Regression (Multinomial): Trained on predictions of the base 

models, providing probabilistic outputs and smooth decision boundaries. 
To address the issue of class imbalance—particularly the underrepresentation 

of the Euthymic and Depressed states—we used SMOTE (Synthetic Minority 
Over-sampling Technique) after feature transformation. SMOTE generates syn-
thetic examples in the feature space to balance the class distribution without mere 
duplication [42]-[45]. The simulated dataset resulted in a class imbalance favour-
ing the manic category. This design partially reflects real-world clinical presenta-
tions, where manic episodes often trigger clinical attention and hospitalization 
more than euthymic or depressive states. Additionally, the imbalance was inten-
tionally introduced to prioritize the detection of manic states due to their higher 
clinical risk and urgency. Class imbalance was partially addressed using SMOTE 
to synthetically balance underrepresented mood states. Hyperparameters were 
optimized using a grid search within stratified 5-fold cross-validation. The follow-
ing ranges and selections were applied below in Table 2. 

The logistic regression meta-learner used an L2 penalty with default solver set-
tings for multinomial classification. 
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Table 2. Hyperparameter tuning grid and selected model configurations. 

Model Hyperparameter Tuning Range Selected Value 

Random Forest Number of Trees (n_estimators) 100, 300, 500 300 
 Maximum Tree Depth (max_depth) 5, 10, None None 

 Minimum Samples Split  
(min_samples_split) 

2, 5, 10 5 

XGBoost Learning Rate (learning_rate) 0.01, 0.1 0.1 
 Maximum Tree Depth (max_depth) 3, 6, 10 6 
 Number of Trees (n_estimators) 100, 200 200 
 Subsample Ratio (subsample) 0.8, 1.0 1.0 

 
The pipeline integrates all transformations, oversampling, and learning stages 

using Pipeline and make_pipeline constructs from sklearn and imblearn. Model 
validation was performed using stratified 5-fold cross-validation to preserve the 
proportion of each mood class across folds. Performance was assessed not only by 
accuracy but also via class-specific precision, recall, F1-score, and ROC-AUC. 

The modularity of the pipeline ensures adaptability to real-world datasets and 
facilitates direct interpretability through integrated visual diagnostics and feature 
importance metrics [46]-[48]. 

3. Results 
3.1. Clinical Visualization 

To better understand the distribution of key clinical variables across mood states, 
we generated a series of visualizations that are collectively presented in Figure 2. 
These plots serve to highlight behavioural, biochemical, and psychological trends 
relevant to the classification task. 
• Figure 2(A): Lithium Levels by Mood State A boxplot illustrates the distri-

bution of lithium serum levels across Depressed, Euthymic, and Manic pa-
tients. Notably, manic individuals tend to have higher lithium levels on aver-
age, although the variance is substantial [49] [50]. Depressed patients show a 
wider spread, potentially due to poor adherence or metabolic variation. 

• Figure 2(B): Sleep Duration by Mood State The violin plot reveals distinct 
sleep patterns. Manic patients exhibit reduced sleep durations, consistent with 
clinical profiles. In contrast, depressed individuals show extended sleep varia-
bility with a tail toward hypersomnia. Euthymic subjects are more cantered 
around the optimal range (~7 hours). 

• Figure 2(C): Stress Levels by Mood State Boxen plots visualize the stress dis-
tribution, showing that depressed patients consistently report higher stress, 
while euthymic individuals have the lowest median stress levels. This pattern 
supports the inclusion of stress as a significant predictor. 

• Figure 2(D): Lithium Adherence Distribution A histogram stratified by 
mood state demonstrates that manic patients generally show higher adherence 
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levels, while depressed patients often fall below the population mean. This fea-
ture may reflect therapy engagement or cognitive motivation. 

• Figure 2(E): Mood Score Distribution A KDE plot highlights how the engi-
neered mood_score effectively separates the three classes. Manic scores cluster 
on the positive side, depressed scores skew negative, and euthymic scores clus-
ter near zero, affirming the variable’s utility in labelling. 

• Figure 2(F): Correlation Heatmap This matrix shows correlations among se-
lected features including lithium level, adherence, sleep, stress, and current 
mood. Notably, stress and mood exhibit a moderate negative correlation (ap-
proximately −0.27), while adherence and mood are positively correlated. 

 

 
Figure 2. Clinical visualizations. (A) Lithium level by mood. (B) Sleep duration. (C) Stress levels. (D) Lithium adherence. (E) Mood 
score distribution. (F) Correlation heatmap. 
 

These insights confirm the clinical validity of the features and justify their in-
clusion in the model pipeline. Together, the subplots in Figure 2 provide visual 
evidence that mood state classification is supported by underlying patterns in both 
behavioural and biochemical data. 

3.2. Classification Metrics 

The classification performance of the stacked ensemble model was evaluated using 
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standard multi-class classification metrics: accuracy, precision, recall, and F1-
score. These metrics were computed on a held-out test set comprising 25% of the 
dataset (500 patients). 

The overall performance results are as follows: 
• Accuracy: 61%—indicating that the model correctly predicted the mood state 

in 61 out of every 100 patients. 
• Precision: 54.8%—representing the weighted average proportion of correct 

positive identifications among all predicted positives. 
• Recall: 61%—indicating the model’s ability to capture all relevant cases within 

each mood class. 
• F1-Score: 56.9%—a harmonic mean balancing both precision and recall, re-

flecting the trade-off between false positives and false negatives. 
Performance was further broken down by mood category in Table 3. 

 
Table 3. Performance metrics by mood state showing precision, recall, F1-score, and sup-
port for each class (Depressed, Euthymic, Manic) in the test dataset. 

Mood State Precision Recall F1-Score Support 

Depressed 0.25 0.18 0.21 74 

Euthymic 0.25 0.13 0.18 97 

Manic 0.70 0.85 0.77 329 

Overall 0.55 0.61 0.57 500 

 
From the breakdown, it is evident that the classifier performs best on the Manic 

class, achieving a strong F1-score of 0.77, with high recall (0.85) and good preci-
sion (0.70). This suggests that the model is highly effective at identifying manic 
episodes—likely due to stronger signals in features like elevated mood score, re-
duced sleep, or stress-related behaviours that are more distinct in manic patients. 

In contrast, the Depressed and Euthymic classes exhibit significantly lower 
precision and recall, with F1-scores below 0.2. This underperformance may stem 
from feature overlap or subtle clinical boundaries between depressive and eu-
thymic states, which are often harder to distinguish even in real-world psychiatric 
assessments. The support column further reveals that class imbalance may be a 
contributing factor—manic cases (n = 329) dominate the dataset, while depressed 
(n = 74) and euthymic (n = 97) are underrepresented. 

These findings highlight both the potential and limitations of the current 
model, emphasizing the need for either improved sampling or incorporation of 
additional discriminative features to better classify less prevalent mood states. 

3.3. Confusion Matrix and ROC Analysis 

To further investigate the model’s behaviour on a per-class basis, we analysed the 
confusion matrix and ROC (Receiver Operating Characteristic) curves, both of 
which provide intuitive insights into model performance beyond scalar metrics. 

Confusion Matrix  
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The confusion matrix quantifies correct and incorrect predictions across the 
three mood states [51]-[53]. As shown in Figure 3, many manic cases are correctly 
identified (true positives), which aligns with the high recall observed in Section 
3.2. However, there is a clear tendency for the model to misclassify depressed and 
euthymic patients as manic. This pattern indicates that features distinguishing 
manic states are more dominant in the learned decision boundaries, while the de-
pressed and euthymic signals are weaker or overlapping. Misclassifications be-
tween depressed and euthymic states are also evident, underscoring the clinical 
reality that these mood states often share overlapping behavioural and biochemi-
cal features. This reinforces the challenge of differentiating them purely through 
non-invasive clinical metrics. 
 

 
Figure 3. Confusion matrix illustrating classification performance across mood states. 
Strong diagonal for manic predictions; depressed and euthymic are frequently confused. 

 
ROC Analysis  
To evaluate the model’s discriminative power, one-vs-rest ROC curves were 

generated for each mood state. These curves plot the trade-off between sensitivity 
(true positive rate) and specificity (1 – false positive rate). 

As shown in Figure 4, the Area Under the Curve (AUC) values are as follows: 
• Manic: 0.67 
• Depressed: 0.68 
• Euthymic: 0.59 

These AUC scores confirm that the model is relatively better at distinguishing 
manic and depressed states, while euthymic classification remains more challenging. 
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The comparatively low AUC for euthymia reflects overlap with both depressed 
and manic profiles, likely due to its intermediate position in the mood continuum. 
 

 
Figure 4. ROC curves for each class (one-vs-rest). Manic and depressed show moderate 
discriminative power; Euthymic remains difficult to separate. 

3.4. Feature Importance 

To interpret the decision logic of the ensemble model, we extracted feature im-
portance values from the Random Forest component of the stacked classifier. 
Feature importance represents the contribution of each input variable to the 
model’s predictions, measured by the average impurity reduction it provides 
across all decision trees. 

As shown in Figure 5, the top 15 most influential features include: 
• Stress Level: The most dominant feature, indicating its strong predictive rela-

tionship with mood state. 
• Sleep Deviation: Suggests that deviations from optimal sleep duration (7 

hours) are highly indicative of mood instability. 
• Lithium Adherence: Reflects treatment compliance and correlates with mood 

stabilization, particularly for manic episodes. 
Other notable contributors include therapy attendance, number of previous ep-

isodes, and family history, all of which are established psychiatric risk markers 
[54]-[56]. The visualization underscores the clinical plausibility of the model’s be-
haviour and confirms the relevance of the engineered features. 
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Figure 5. Top 15 most important features contributing to mood state classification. Stress, sleep deviation, and lithium 
adherence dominate. 

 

 
Figure 6. PCA-reduced 2D decision boundaries. Manic states are more separable, while depressed and 
euthymic states overlap. 
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3.5. Decision Boundaries 

To visually assess how well the model separates mood classes in a reduced feature 
space, we applied Principal Component Analysis (PCA) to project the high-dimen-
sional feature matrix into two dimensions [57]-[59]. A logistic regression classifier 
was then fitted to this PCA-reduced data to draw decision boundaries. As illus-
trated in Figure 6, there is some class overlap in the 2D space, particularly between 
depressed and euthymic samples. However, manic states form more distinct clus-
ters, explaining why the model performs best in that category. The boundaries are 
non-linear and exhibit class-specific curvature, reflecting the complexity of the 
underlying relationships. This plot serves as a visual summary of the model’s dis-
criminative ability and supports prior conclusions regarding inter-class variability. 

4. Discussion 

This study presents a comprehensive and clinically grounded machine learning 
framework capable of classifying mood states in bipolar disorder using a combi-
nation of simulated patient data and domain-informed feature engineering. The 
performance of the stacked ensemble model, especially in detecting manic epi-
sodes, underscores the potential of computational methods to augment psychiat-
ric decision-making. 

One of the most significant outcomes is the model’s high sensitivity and preci-
sion for manic states, which are often associated with risk-taking behaviour, im-
paired judgment, and hospitalization if left untreated. The model’s robustness in 
identifying these cases suggests that behavioural and physiological indicators—
such as decreased sleep, increased stress, and high adherence to lithium—offer 
sufficiently strong signals to support automated diagnosis. This reinforces the 
value of longitudinal, objective clinical data over self-reported mood scales, which 
may be limited by cognitive distortion or recall bias. However, the underperfor-
mance on euthymic and depressed states—as reflected by low F1-scores and over-
lapping decision boundaries—points to a critical limitation. The subtle transition 
between depression and euthymia is difficult to capture through commonly meas-
ured clinical variables. In real-world psychiatric contexts, these states often re-
quire nuanced clinical judgment based on tone of speech, affect, psychomotor ac-
tivity, and patient history [60]-[62]. Future versions of this model could benefit 
from the integration of multimodal data such as voice analysis, wearable sleep 
metrics, and electronic health records (EHR). Another strength of this pipeline 
lies in its explainability. By prioritizing interpretable features like stress level, ad-
herence ratios, and therapeutic lithium ranges, the model facilitates clinical trust 
and transparency—qualities often absent in black-box neural networks. The fea-
ture importance rankings and ROC analyses provide tangible evidence for how 
the model arrives at predictions, making it more suitable for integration into clin-
ical workflows or electronic decision support tools. 

The synthetic data strategy employed here also has methodological implica-
tions. By generating statistically controlled yet realistic patient profiles, we create 
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a reproducible and ethical environment for testing diagnostic algorithms in the 
absence of public bipolar disorder datasets. This can be a stepping stone for vali-
dating the model on real-world cohorts from psychiatric hospitals or longitudinal 
mental health studies. This pipeline demonstrates that ensemble machine learning 
models, when combined with domain-driven engineering and explainability, can 
serve as powerful tools for mood state classification in bipolar disorder. The sys-
tem’s strengths in identifying manic states and providing interpretable outputs 
highlight its clinical relevance. However, performance gaps for euthymic and de-
pressed states call for deeper data integration, emphasizing the need for future 
work to blend traditional psychiatric wisdom with modern AI capabilities. 

5. Conclusion 

In this study, we developed and validated a clinically interpretable machine learn-
ing framework for classifying mood states in bipolar disorder using structured 
synthetic data and domain-specific feature engineering. By integrating behav-
ioural, biochemical, and therapy-related indicators, our ensemble-based model 
was able to capture clinically meaningful distinctions, particularly excelling in the 
identification of manic episodes. The stacked ensemble classifier, combining Ran-
dom Forest and XGBoost with a logistic regression meta-learner, demonstrated 
promising performance with an overall accuracy of 61% and an F1-score of 0.77 
for manic state prediction. The inclusion of explainable components such as fea-
ture importance rankings, decision boundaries, and ROC curves makes the model 
highly transparent—an essential quality for real-world deployment in psychiatric 
care. However, the reduced predictive power for euthymic and depressed states 
highlights the complexity of mood differentiation in bipolar disorder and suggests 
the need for richer data modalities in future iterations. Integrating multimodal 
sources such as wearable sensor data, longitudinal patient monitoring, and struc-
tured clinical notes could significantly enhance diagnostic resolution [63]-[66]. 
Importantly, the pipeline’s modular and reproducible design—paired with its eth-
ical use of simulated patient data—makes it a valuable prototype for clinical AI 
research. This work lays the groundwork for real-world validation, model refine-
ment, and eventual integration into digital mental health platforms or clinical de-
cision support systems. In conclusion, this research underscores the potential of 
interpretable, ensemble-based machine learning to support mood state classifica-
tion in psychiatry. By prioritizing explainability, clinical alignment, and adapta-
bility, our framework takes a critical step toward actionable, AI-assisted mental 
health diagnostics. 
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