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Abstract: This study investigates the application of the CatBoost algorithm in predicting mental health outcomes using Python 
programming language. Mental health prediction is a critical area of research due to its significant impact on individuals 
and society. Traditional predictive modeling techniques often encounter challenges in handling complex and high-
dimensional data inherent in mental health datasets. CatBoost , a state- of-the-art gradient boosting algorithm, has 
shown promise in effectively addressing these challenges by handling categorical variables seamlessly and exhibiting 
robust performance in various domains. Leveraging its powerful capabilities, this study aims to develop predictive models 
for mental health outcomes utilizing a comprehensive dataset encompassing diverse socio- demographic, behavioural , and 
clinical factors. The predictive performance of the CatBoost algorithm will be evaluated and compared against other 
commonly used machine learning algorithms, demonstrating its effectiveness in accurately predicting mental health 
outcomes. This research contributes to the advancement of predictive modeling in mental health research and holds 
potential implications for personalized interventions and resource allocation in mental healthcare systems. 
Keywords: CatBoost Algorithm , Machine Learning ,Mental Health Prediction, College Students, psychology. 
 

I. INTRODUCTION 
Predicting mental health outcomes using machine learning algorithms has gained significant attention in recent years due to its 
potential to enhance early intervention and treatment planning. Among various algorithms, CatBoost stands out for its effectiveness 
in handling categorical variables and dealing with imbalanced datasets, which are common in mental health research. In this study, 
we aim to leverage the power of CatBoost algorithm implemented in Python to develop a predictive model for mental health 
outcomes.  
By analyzing diverse socio-demographic, behavioural, and clinical factors, we seek to accurately predict the likelihood of 
individuals developing mental health issues. Such predictive models hold promise in informing targeted interventions and resource 
allocation, ultimately improving mental health outcomes and quality of life for individuals at risk. 
In this project, we leverage the power of the CatBoost algorithm within the Python framework Flask to develop a predictive model for 
mental health disorders. CatBoost, known for its robust handling of categorical features and excellent performance in classification 
tasks, is an ideal choice for this endeavor. Through the integration with Flask an intuitive web application framework, we not only 
build a powerful predictive model but also create an accessible interface for users to interact with and understand the predictions. 
This project holds the promise of enhancing early detection and intervention efforts, ultimately contributing to improved mental 
health outcomes. 
 

II. LITERATURE SURVEY 
1) Jinping Liu, Fang Xia, Yanyin Cui, Zixu Hao: The promotion effect of innovation and entrepreneurship education on medical 

student’s ,mental health based on stepwise regression. 
Paper explores the impact of Advantages innovation and entrepreneurship. Improved. education on the mental health of medical 
students, and provides a basis for enhancing their mental health status.  
The regression Mechanism Stress Caping Reduction through Creativity results showed that interpersonal Disadvantages 
communication, social support and, emotional Intelligence were the main factors influencing mental health before mass 
entrepreneurship and innovation. education, and interpersonal communication, social support and self-efficacy were the main 
factors influencing mental health after mass entrepreneurship innovation education. 
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2) Youngji Koh;Chanhee Lee; Yunhee Ku; Uichin Lee: Data Visualization for Mental Health Monitoring in Smart Home 
Environment: A Case Study 

Mental health care and monitoring are important. Advancements in smart home sensing technology also make tracking people’s 
activities easy in the home, enabling the monitoring of mental health more effectively. Some related works have demonstrated the 
possibilities of mental health monitoring using sensor data collected in smart home. However there is a lack of prior research on 
how to effectively utilize smart home data visualization to help people understand how their everyday behaviour are related to their 
mental health status. 
 

III. METHODOLOGY 
A. Dataset 
Our dataset was gathered via Kaggle, a platform that lets users search for datasets to utilize in the construction of artificial intelligence 
models. 7023 rows and 19 columns make up the dataset. The dataset includes both categorical and numerical variables. To encode the 
categorical data, techniques such as label encoding are employed. To preprocess and analyze data, utilize the Pandas package and 
the Python programming language. The dataset is split in a 20-to-80 ratio. 
Our dataset consists of information about students and the questions they answered. There are 19 features in the dataset. 
 
B. Model Algorithm Selection 
We focus on the CatBoost algorithm, a gradient boosting algorithm specifically designed for handling categorical features 
efficiently. 
CatBoost is a machine learning algorithm specifically designed for gradient boosting on decision trees. It's known for its ability to 
handle categorical features seamlessly without the need for pre-processing, making it particularly useful for real-world datasets with 
a mix of categorical and numerical features. Key features of CatBoost include: Gradient Boosting, Categorical Feature Handling, 
Regularization. Optimized Training Process, Scalability 
Overall, CatBoost is a powerful and versatile algorithm that excels in handling categorical data, providing high accuracy, and being 
relatively easy to use compared to other gradient boosting implementations. 
Among various algorithms, CatBoost stands out for its effectiveness in handling categorical variables and dealing with imbalanced 
datasets, which are common in mental health research. In this study, we aim to leverage the power of CatBoost algorithm 
implemented in Python to develop a predictive model for mental health outcomes 
 
C. Analysis of Model Construction Process 

Fig.1.Flow Chart 
 
In the proposed system for mental health prediction utilizing the CatBoost algorithm within the Python framework Flask, we aim to 
develop a user-friendly and efficient tool for early detection and intervention in mental health disorders. Leveraging the robustness 
of CatBoost, a powerful gradient boosting algorithm, we intend to analyze diverse datasets encompassing psychological, 
demographic, and behavioral attributes. 
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1) Data Collection 
We have taken our data set from Kaggle. The dataset consists of 7028 data points about students. After that, we should decide on 
the method for data collection based on our question and the available resources. Common methods include surveys, interviews, 
observations, and experiments. 
 
2) Data preprocessing 
Data preprocessing is a critical step in preparing data for training with the Cat Boost algorithm. It involves handling missing values, 
encoding categorical features, and potentially scaling features. Cat Boost can handle missing values internally, but preprocessing 
them beforehand can be beneficial. Categorical features need not be one-hot encoded; instead, Cat Boost automatically encodes 
them using target encoding. Feature scaling is not necessary for Cat Boost due to its use of gradient boosting, which is not sensitive to 
feature scales. However, outliers should be handled appropriately. Splitting the data into training, validation, and test sets is 
essential for evaluating the model's performance. 
 
3) Feature Extraction 
Feature extraction is the process of deriving new features from existing ones to improve a model's performance. In the context of the 
Cat Boost algorithm, feature extraction is not explicitly performed as it is in traditional machine learning models. This means that 
Cat Boost can handle complex, high-dimensional datasets without the need for manual feature extraction. Additionally, Cat Boost 
can automatically handle categorical features and missing values, further simplifying the data preprocessing step. Overall, while 
traditional feature extraction techniques may not be required, thoughtful feature engineering and selection can still play a crucial 
role in optimizing model performance when using Cat Boost. 
 
4) Data Splitting 
It involves dividing the dataset into separate subsets for training, validation, and testing. The training set is used to train the model; 
the validation set is used to tune hyperparameters and evaluate model performance during training; and the test set is used to evaluate 
the final model's performance on unseen data. Proper data splitting is essential to ensure that the model generalizes well to new, 
unseen data.  
In Cat Boost, data splitting can be done using the train_test_split function from the sklearn.model_selection module. This function 
randomly splits the dataset into training and testing sets based on a specified test size or a specified number of samples. For example, 
to split a dataset into 70% training and 30% testing sets, you can use( X_train, X_test, y_train, y_test) = train_test_split(X, y, 
test_size=0.2, random_state=42). This helps prevent bias in the model and ensures that it performs well on new data. Additionally, 
you should use a random seed (random_state parameter) to ensure the reproducibility of the results. By properly splitting the data, 
you can train and evaluate the Cat Boost model effectively, leading to better performance and generalization. 
 
5) Hyperparameter Tuning 
Hyperparameter tuning in the Cat Boost algorithm involves optimizing parameters like learning rate, tree depth, and number of 
iterations. Techniques like grid search and random search can be used to find the best combination of hyperparameters for improved 
model performance. 
 
6) Model Training 
Training a model with the cat Boost algorithm involves several key steps. First, the dataset is prepared by encoding categorical 
features and handling missing values. Then, the data is split into training, validation, and test sets. The model is trained on the 
training set using the Cat Boost Classifier class, specifying hyperparameters such as the learning rate and tree depth. During training, 
the model's performance is evaluated on the validation set. Once training is complete, the final model is evaluated on the test set to 
assess its performance on unseen data. 
 
7) Model Evaluation 
Model evaluation in the Cat Boost algorithm involves assessing the model's performance using metrics such as accuracy, precision, 
recall, and F1 score for classification tasks. Cross-validation can be used to get a more robust estimate of the model's performance. 
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Fig.2.Architecture 

 
 

IV. RESULTS AND DISCUSSIONS 
The Final Result will get generated based on the overall classification and prediction. The mental health is classified into 3 
different categories which includes Low stressed, Moderately Stressed ,Highly stressed. 
The performance of this proposed approach is evaluated using some measures like, 
 
A. Accuracy 
Accuracy of classifier refers to the ability of classifier. It predicts the class label correctly and the accuracy of the predictor 
refers to how well a given predictor can guess the value of predicted attribute for a new data. 
Here's the formula for accuracy: 
Accuracy= TP+TN/TP+TN+FP+FN Where: 
TP (True Positives) are the instances that are actually positive and are predicted as positive. TN (True Negatives) are the instances 
that are actually negative and are predicted as negative. FP (False Positives) are the instances that are actually negative but are 
predicted as positive. FN (False Negatives) are the instances that are actually positive but are predicted as negative. 
 

V. FUTURE ENHANCEMENT 
In future enhancements for mental health prediction using the CatBoost algorithm within the Python framework Flask, several 
avenues can be explored to refine and improve the predictive model's performance and usability. Firstly, incorporating more diverse 
and comprehensive datasets from various demographic groups and geographic regions can enhance the model's accuracy and 
generalizability, ensuring it caters to a broader population. Additionally, integrating advanced feature engineering techniques such 
as text sentiment analysis for social media data or incorporating wearable device data for physiological markers can provide richer 
inputs for the prediction model, capturing nuanced aspects of an individual's mental well-being. Furthermore, implementing 
interpretability techniques such as SHAP (SHapley Additive exPlanations) values or LIME (Local Interpretable Model-agnostic 
Explanations) can enhance the transparency of the model's decision-making process, fostering trust and understanding among 
users. 
 

VI. CONCLUSION 
In summary, our integration of the CatBoost algorithm into the flask framework for mental health prediction exhibits encouraging 
outcomes and potential applications within the realm of mental healthcare. By employing robust machine learning techniques and 
flask's user-friendly interface, we have developed a tool proficient in predicting mental health conditions based on pertinent input 
features. 
The CatBoost algorithm, renowned for its adeptness in handling categorical features and robust performance in predictive tasks, 
forms a dependable foundation for our prediction model. Through its utilization, we have attained precise predictions while 
mitigating the risk of overfitting and enhancing interpretability. 
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Conversely, flask furnishes an instinctive and interactive platform for users to input their data and acquire real-time predictions. Its 
simplicity and customizable attributes render it an optimal choice for deploying machine learning models and presenting their 
outcomes to diverse audiences, including healthcare professionals and individuals in need of assistance. 
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