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Abstract: This study presents a comparative analysis of machine learning (ML) algorithms for 

predicting depression and bipolar disorder using self-reported, structured data. Following the 

CRISP-DM framework, nine algorithms, namely Random Forest, Gradient Boosted Trees, Fast 

Large Margin, Generalized Linear Model, Logistic Regression, Support Vector Machine, 

Decision Tree, Naive Bayes, and Deep Learning, were trained and evaluated using a dataset 

obtained from the Harvard Dataverse [10]. Data preprocessing included normalization, 

encoding, and class balancing through the Synthetic Minority Oversampling Technique 

(SMOTE), followed by 10-fold cross-validation for model validation. Model performance was 

evaluated in terms of classification error, standard deviation, gain, and computational 

efficiency. Results showed that Random Forest achieved the highest predictive performance 

with the lowest classification error (6.19%) and the highest gain (44), outperforming other 

models in both accuracy and stability. Feature importance analysis identified optimism, sexual 

activity, euphoric mood, sadness, and sleep disorder as the most influential predictors. These 

findings indicate that Random Forest provides an optimal balance of interpretability, 

robustness, and efficiency, making it highly suitable for public-facing and non-clinical self-

assessment applications. The study concludes that lightweight and interpretable ML models can 

support early detection and awareness of mental health risks, serving as complementary tools 

rather than substitutes for professional diagnosis. 
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I. INTRODUCTION 

Depression and bipolar disorder are among the most prevalent and disabling mental health conditions 

worldwide, often remaining undiagnosed or untreated for extended periods. Although clinical assessments 

remain the gold standard for diagnosis, many individuals delay or avoid seeking professional help due to stigma, 

lack of access to healthcare, or unawareness of their symptoms. This situation highlights the importance of 

developing accessible tools that can help individuals recognize early indicators of mood disorders before 

professional consultation becomes necessary. 

Recent advances in machine learning (ML) have demonstrated significant potential in identifying mental 

health conditions through behavioral and emotional data analysis. ML algorithms can process self-reported, non-

clinical inputs such as sleep quality, energy levels, mood fluctuations, and feelings of sadness or optimism to 

predict potential risks of depression and bipolar disorder. Unlike traditional diagnostic methods that rely on 

neuroimaging or structured psychiatric interviews, ML-based approaches can be implemented in lightweight, 

web-based, or mobile applications designed for public use. 

Several studies have demonstrated the successful application of ML techniques for mental health prediction 

and monitoring. Lee and Lee [1] developed a real-time monitoring model for predicting depressive symptoms 

using wearable and smartphone-based data, while Benito et al. [2] applied ML for anxiety and depression 

profiling following crisis events. Zhang et al. [3] proposed an artificial intelligence tool that assessed the risk of 

mental distress among college students using demographic and lifestyle data, showing that non-clinical 

information can effectively predict psychological conditions. Similarly, DelPozo-Banos et al. [4] discussed the 

integration of ML in mental health research, emphasizing its alignment with epidemiological practices for large-

scale data interpretation. 

Emerging research has also validated the capacity of ML to handle diverse populations and data types. 

Studies by Ku and Min [7] and Yadav and Bhutia [8] highlighted the stability and adaptability of ML models in 

predicting depression using subjective responses and non-communicable disease data, respectively. Moreover, 

Luisa et al. [6] applied ML techniques to predict depressive relapses in patients with bipolar disorder, 

demonstrating its potential for longitudinal monitoring. Nickson et al. [9] further confirmed the diagnostic 

potential of ML when applied to electronic health records, while Salma [5] explored its interpretability in 

physiological and sociodemographic analyses. 

While deep learning models often achieve high accuracy, their computational complexity and limited 

interpretability make them less practical for general public applications where transparency, efficiency, and ease 

of use are critical. Simpler ensemble models such as Random Forest, Logistic Regression, and Gradient Boosted 

Trees provide an optimal balance of predictive performance and explainability, making them viable options for 

early-stage, non-clinical mental health screening systems. 

This study aims to compare the performance of several ML algorithms in predicting depression and bipolar 

disorder using structured, self-reported data. The evaluation focuses on predictive accuracy, computational 

efficiency, interpretability, and suitability for public-facing applications. The objective is to identify the most 

appropriate algorithm that can be integrated into AI-powered self-screening platforms, serving as early-warning 

tools to foster awareness, encourage self-reflection, and promote timely mental health consultation. 

The primary objective of this study is to determine the most suitable ML algorithm for predicting depression 

and bipolar disorder using self-reported, non-clinical data. Specifically, the study compares the performance of 

several algorithms, including Random Forest, Logistic Regression, Gradient Boosted Trees, Support Vector 

Machine, and other models, using structured, survey-based datasets. Each algorithm is evaluated in terms of 

classification accuracy, error rate, computational efficiency, and model stability, using standard evaluation 

metrics such as classification error, standard deviation, gain, and processing time. The study also analyzes 

model interpretability by identifying key features that significantly contribute to the prediction of depression and 

bipolar disorder. Finally, it determines the most practical algorithm for integration into public self-assessment 

tools, emphasizing simplicity, explainability, and the capacity to process responses from individuals who have 

not yet sought professional mental health consultation. 

 

II. MATERIALS AND METHODS 

This study adopts the CRISP-DM (Cross-Industry Standard Process for Data Mining) framework to 

systematically guide the process of comparing machine learning algorithms for mental health prediction. The 

focus is on identifying the most suitable algorithm for detecting depression and bipolar disorder based on 

structured self-reported data, particularly for use in public-facing self-assessment tools. 
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Fig. 1: Cross-Industry Standard Process for Data Mining (CRISP-DM) Framework 

 

A. Problem Understanding 

The primary objective of this study is to determine the machine learning algorithm that best classifies 

depression and bipolar disorder using data that can be easily collected from individuals who have not yet sought 

professional consultation. The findings aim to contribute to the development of lightweight, interpretable, and 

accurate AI models that can be integrated into mobile or web-based mental health screening applications for 

public use. 

 

B. Data Understanding 

The dataset used in this study was obtained from the Harvard Dataverse repository [10]. It contains structured 

responses to survey questions that capture emotional, behavioral, and lifestyle factors commonly associated with 

mood disorders. The target variable categorizes individuals according to their mental health status, specifically 

indicating symptoms related to depression and bipolar disorder. 

Initial data exploration included: 

1. Identifying attribute types (e.g., categorical, numerical) 

2. Analyzing distributions and potential outliers 

3. Assessing class balance for the target variable 

 

C. Data Preparation 

Preprocessing of data was conducted using RapidMiner Studio to ensure data quality and optimal model 

performance. Missing values were imputed using either mean or mode imputation, depending on the type of 

variable, to maintain dataset completeness. Numerical features were normalized to achieve uniform contribution 

across attributes and prevent bias toward variables with larger scales. Categorical variables were encoded into 

machine-readable formats, allowing machine learning algorithms to effectively interpret non-numeric data. To 

address class imbalance and enhance classification accuracy, the Synthetic Minority Over-sampling Technique 

(SMOTE) was applied, generating synthetic samples for underrepresented classes. Finally, the dataset was 

divided into two subsets, 70% for training and 30% for testing to enable unbiased evaluation of model 

performance and ensure generalizability of the results. 

 

D. Modeling 

Multiple machine learning algorithms were implemented and tuned using RapidMiner, including: Random 

Forest, Gradient Boosted Trees, Fast Large Margin, Generalized Linear Model, Logistic Regression, Support 

Vector Machine, Decision Tree, Naive Bayes, Deep Learning (Multi-layer Perceptron) 

Each model underwent 10-fold cross-validation for robust performance assessment. Hyperparameter tuning 

was performed using RapidMiner’s grid-based optimization tools where applicable. 

 

E. Evaluation 

The performance of each machine learning model was evaluated using multiple quantitative metrics to ensure 

an objective comparison. Specifically, the assessment considered the classification error, representing the 

proportion of incorrect predictions; standard deviation, indicating the consistency of model performance across 

cross-validation folds; and gain, which reflected the relative improvement of each model over baseline accuracy. 
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In addition, training time and scoring time were measured to evaluate computational efficiency and 

responsiveness during prediction. These metrics collectively provided a comprehensive basis for determining 

the algorithm that offered the optimal balance of predictive accuracy, stability, and processing performance for 

mental health diagnosis applications. 

 

F. Deployment 

While this study did not involve the deployment of a live system, the final phase focused on identifying the 

best-performing model for potential integration into mental health self-screening applications. The selection of 

the most suitable model was guided by a balanced consideration of several key factors, including predictive 

accuracy, model interpretability, and computational efficiency. Equal importance was also placed on the 

model’s suitability for public, non-clinical use, ensuring that it can operate effectively in lightweight, accessible 

environments such as web-based or mobile applications intended for general users. 

 

Ethical Considerations 

This study utilized publicly available and anonymized data obtained from the Harvard Dataverse, ensuring 

that no personally identifiable information was included. As the research was based solely on secondary data 

analysis, no direct interaction with human participants occurred. Ethical diligence was observed in handling 

sensitive mental health–related data to maintain confidentiality and data integrity. The study promotes the 

responsible use of machine learning models as tools for awareness and self-assessment, emphasizing that they 

are not intended for clinical diagnosis. Such systems should complement, rather than replace, professional 

mental health evaluation and treatment. Future implementations derived from this research are encouraged to 

include explicit disclaimers, adhere to strict data privacy protocols, and uphold transparency and accountability 

in the application of artificial intelligence for mental health purposes. 

 

 

III. RESULTS AND DISCUSSION 

Following data preparation and modeling, nine machine learning algorithms were trained and evaluated for 

their ability to classify depression and bipolar disorder. The performance of each model was measured using 

classification error, standard deviation, gain, and processing time.  

The table below summarizes the results: 

 
TABLE I 

PERFORMANCE OF EACH MODEL 

Model Classification Error Standard Deviation Gain 

Random Forest 0.0619 0.0852 44 

Gradient Boosted Trees 0.1143 0.1195 40 

Fast Large Margin 0.1190 0.1214 40 

Generalized Linear Model 0.1476 0.1016 38 

Logistic Regression 0.2095 0.1592 34 

Decision Tree 0.2429 0.2347 30 

Support Vector Machine 0.3333 0.1315 24 

Deep Learning 0.4762 0.1065 16 

Naive Bayes 0.7905 0.1372 -4 

 

Among all models tested, Random Forest achieved the lowest classification error (0.0619) and highest gain 

(44), indicating superior predictive accuracy and robustness. Its relatively low standard deviation (0.0852) also 

suggests consistent performance across the cross-validation folds. These results establish Random Forest as the 

most reliable algorithm for identifying depression and bipolar disorder using this dataset. 

Random Forest’s strength lies in its ability to handle mixed data types and complex interactions between 

features without overfitting. This makes it particularly well-suited for survey-based datasets where features 

include both numerical and categorical variables. 

 

A. Feature Importance Analysis 

To enhance model interpretability, a feature importance analysis was conducted using the Random Forest 

model. The top five predictors of depression and bipolar disorder were identified as follows: 

1.Optimism   2.Sexual Activity 

3.Euphoric Mood  4.Sadness 

5.Sleep Disorder 
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These results reflect well-established clinical knowledge in mental health. For instance, reduced optimism 

and disturbed sleep are commonly associated with depression, while euphoric moods and fluctuating energy 

levels are key indicators of bipolar disorder. The model’s ability to uncover these patterns through self-reported 

inputs reinforces its potential for integration into public-facing applications. 

 

B. Comparison with other Models 

While Gradient Boosted Trees and Fast Large Margin exhibited competitive performance, with classification 

errors of 0.1143 and 0.1190 respectively, neither algorithm surpassed the Random Forest in predictive accuracy 

or consistency. Conversely, Deep Learning and Naive Bayes performed substantially lower, indicating their 

limited suitability for structured, small-to-moderate-scale datasets such as the one utilized in this study. 

Furthermore, although simpler models like Logistic Regression and Decision Trees offer interpretability, they 

produced relatively high error rates. This outcome reinforces the superiority of ensemble-based methods, 

particularly Random Forest, in effectively capturing complex, nonlinear relationships among variables while 

maintaining computational efficiency. 

 

C. Implications for Public Use 

Considering the goal of identifying a model suitable for general public applications, particularly for 

individuals who have not yet sought professional mental health consultation, the Random Forest algorithm 

demonstrated the most favorable balance among key factors. It achieved high predictive accuracy, showed 

robustness against noisy or incomplete data, offered transparency through feature importance analysis, and was 

easy to integrate into web or mobile environments. These attributes make Random Forest well-suited for 

deployment in mental health self-assessment platforms that aim to provide users with preliminary insights into 

potential risks of depression and bipolar disorder. By supporting early detection and promoting awareness, such 

tools can encourage timely help-seeking behavior while maintaining accessibility, interpretability, and 

computational efficiency. 

 

IV. CONCLUSION AND RECOMMENDATIONS 

This study conducted a comparative analysis of nine machine learning algorithms to determine the most 

effective model for predicting depression and bipolar disorder using self-reported, structured data. Based on the 

evaluation metrics including classification error, gain, and consistency. The Random Forest algorithm 

demonstrated the highest overall performance, achieving the lowest classification error (6.19%) and the highest 

gain score (44). Its ability to handle mixed data types and complex interactions without overfitting further 

established its robustness. Given the characteristics of the dataset, which contained structured, survey-based, and 

non-clinical variables, the Random Forest model proved to be the most appropriate and reliable choice for this 

study. 

The results indicate that Random Forest is well-suited for public-facing mental health self-assessment 

applications utilizing similar datasets. Its predictive accuracy, consistency, and interpretability make it ideal for 

lightweight tools designed to enhance early awareness and promote proactive mental health engagement. 

It is recommended that the Random Forest algorithm be considered for integration into web-based or mobile 

self-screening platforms that utilize simple, questionnaire-based inputs. This recommendation applies 

particularly when the same dataset, or datasets with similar structure and characteristics, are employed to ensure 

consistency in performance and predictive reliability. Future implementations should explicitly indicate that 

such tools are designed for awareness and preliminary self-assessment purposes only, and not as substitutes for 

professional medical diagnosis. Developers are encouraged to design user interfaces that are intuitive, culturally 

appropriate, and accessible to a wide range of users. Further studies should be conducted to evaluate the model’s 

generalizability using varied datasets and real-world environments. 
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