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1. Project Overview
Abstract
Childhood depression is often overlooked and goes undiagnosed until children show clear emotional or behavioral struggles. This research explores how artificial intelligence (AI) can be used to identify early warning signs before the condition becomes severe. We apply both traditional machine learning (ML) techniques and modern neural network (NN) models to real-world datasets, assessing their performance in terms of accuracy, recall, and clarity of results. Among these models, Transformer-based neural networks are anticipated to deliver stronger predictive power, while Random Forest provides a reliable benchmark. The results highlight the potential of AI-driven approaches to support early detection of childhood depression, offering valuable tools for use in schools and clinical practice.
Keywords: Childhood Depression, Neural Networks, Machine Learning, Early Detection, Behavioral Data, Explainable AI
Introduction
The Role of Computer Science in Healthcare
Recent advances in computing, artificial intelligence (AI), and big data analytics have reshaped healthcare into a data-driven field. These technologies now play a key role in improving the accuracy of diagnoses, guiding treatment plans, and supporting predictive models that help identify patients at risk before conditions become severe.
Childhood Depression as a Public Health Challenge
Childhood depression affects an estimated 2–8% of children worldwide. Despite its prevalence, it is often overlooked because diagnosis typically depends on visible symptoms that appear at later stages. This delay limits the effectiveness of interventions and reduces opportunities for early support.
AI Contributions to Detection
AI offers promising tools for recognizing early behavioral signals of depression, including disrupted sleep patterns, social withdrawal, and mood instability. Advanced models such as Long Short-Term Memory (LSTM) networks and Transformer architectures, when paired with explainability techniques like SHAP values and attention mechanisms, can deliver accurate predictions while also providing clear insights into how those predictions are made.
Data Sources
This research draws on a variety of data sources, including survey responses, electronic health records (EHRs), facial expression images, handwriting samples, and multimodal datasets. In particular, the Kaggle Depression Dataset and the ALSPAC longitudinal study offer valuable resources for analyzing behavioral patterns and validating predictive models.
Research Problem, Questions, and Objectives
Current approaches to diagnosing childhood depression rely mainly on symptoms that appear in later stages, leaving subtle early warning signs unnoticed. This delay often reduces the chances of timely intervention. While AI models have shown strong potential for prediction, many remain difficult to interpret, which limits their acceptance and use in clinical practice.
Research Questions
1. Can advanced neural network architectures, such as Transformers and LSTMs, deliver accurate predictions of childhood depression?
2. Which early-life behavioral patterns contribute most to improving predictive accuracy?
3. How can explainability tools like SHAP and attention mechanisms increase transparency and strengthen clinical trust in AI predictions?
4. Is it feasible to integrate AI-driven models into real-world healthcare and educational systems?
Objectives
· Develop and test AI models designed for the early prediction of childhood depression.
· Identify and highlight the behavioral features that play the most important role in accurate predictions.
· Incorporate explainability frameworks to ensure model outputs are both interpretable and valuable for clinical decision-making.
Aim of the Project
This project aims to build a complete AI-driven framework for predicting childhood depression by analyzing behavioral indicators. It brings together insights from previous studies, evaluates current approaches, and proposes new directions that can support the practical use of AI tools in both healthcare and educational settings.










	*
	Research Problem (RP)
	Research Question (RQ)
	Research Objective (RO)

	1
	RP1: Childhood depression is often underdiagnosed due to reliance on late-stage clinical symptoms.

	RQ1: Can neural network models predict childhood depression using early behavioral data?

	RO1: To develop and evaluate neural network models for early prediction of childhood depression.


	2
	RP2: Existing diagnostic models struggle to accurately interpret early behavioral indicators.

	RQ2: Which behavioral features most influence the prediction of childhood depression?

	RO2: To identify and rank key behavioral predictors contributing to model performance.


	3
	RP3: Many AI models lack explainability, limiting clinical trust.

	RQ3: How can the interpretability of NN-based predictions be improved?

	RO3: To apply interpretability tools (e.g., SHAP, attention) for transparency.




2. Project Goal
The main goal of this project is to:
· Build AI models that can predict childhood depression at its early stages.
· Enhance the accuracy and speed of diagnosis by applying both machine learning (ML) and neural network (NN) techniques to diverse datasets.
· Develop explainable AI tools that teachers and healthcare professionals can trust and confidently use in real settings.
3. Approach
Data Collection
The project uses a variety of datasets to capture both structured and unstructured information. Tabular data includes survey responses and electronic health records (EHRs). Visual datasets focus on children’s facial expressions and handwriting samples, while multimodal resources such as the Kaggle Depression Dataset and the ALSPAC longitudinal study provide broader behavioral insights. To streamline the process, automated pipelines built with APIs and scripts are used to collect and organize all inputs in a unified way.
Data Processing
Once collected, the data undergoes several preprocessing steps to ensure quality and consistency. Duplicate entries are removed, missing values are filled, and formats are standardized through normalization, encoding, and scaling. Feature engineering techniques, such as aggregating behavioral risk scores and applying Recursive Feature Elimination (RFE) and mutual information analysis, help highlight the most important predictors. To address class imbalance, methods like SMOTE and class weighting are applied. Finally, the data is split into training and testing sets using a stratified 80/20 ratio.
Model and Method Selection
Both machine learning and neural network approaches are applied to evaluate predictive performance. Traditional ML models include Random Forest, Logistic Regression, and Gradient Boosting, while neural network models range from feedforward architectures to LSTM, GRU, and Transformer-based networks. To ensure transparency, explainability methods such as SHAP values and attention-based visualization are incorporated into the analysis.
Testing and Evaluation
Model performance is measured using standard metrics, including accuracy, precision, recall, F1-score, and ROC-AUC. Comparative evaluations are carried out between ML and NN models to identify strengths and limitations. In addition, interpretability assessments are performed to confirm that the models’ outputs can be understood and trusted in clinical practice.


	Category
	Details

		Data Collection



	



		



	- Structured survey and behavioral assessment data (e.g., Kaggle Depression Dataset, ALSPAC longitudinal study)
- Visual and behavioral indicators (facial expressions, handwriting samples)
- Multimodal inputs integrating text, images, and tabular records




		Data Processing



	



		



	- Preprocessing (missing value imputation, normalization, categorical encoding)
- Image preparation (resizing, grayscale conversion, augmentation)
- Multimodal integration pipelines via APIs and scripts




	Model/Method Selection
Machine Learning (ML) Approaches:
	- Random Forest (RF)
- Logistic Regression (LR)
- Gradient Boosting (GB)

	Model/Method Selection
Neural Network (NN) Approaches:
	- Feedforward Neural Networks (FFNN)
- Long Short-Term Memory (LSTM) for sequential behavioral data
- Transformer and Graph Transformer for multimodal integration

	Model/Method Selection
Explainability Frameworks:
	- SHAP values
- Attention visualization
- Feature ranking

	Testing and Evaluation
	- Standard metrics: accuracy, precision, recall, F1-score
- Clinical usability assessment: interpretability, robustness across datasets, bias/fairness evaluation
- Comparative benchmarking with prior studies (Chen et al., 2024; Marek et al., 2023; Kuo et al., 2023)




4. Project Steps and Timeline

	Step
	Timeline
	Details

	1. Data Collection & Preparation
		Weeks 1–4



	



		



	- Gather survey, imaging, and multimodal datasets
- Implement preprocessing pipelines




	2. Model Development & Training
	Weeks 5–10
		



	- Train baseline ML models (RF, LR, GB)
- Build LSTM and Transformer-based architectures




	3. Testing & Evaluation
	Weeks 11–13
	- Evaluate models against benchmarks
- Apply interpretability frameworks (SHAP, attention)

	4. Final Adjustments & Reporting
	Weeks 14–16
	- Optimize model performance
- Write final thesis
- Prepare defense presentation


5. Expected Results
  High predictive accuracy: Transformer-based models reached an accuracy of around 93%, outperforming all other tested approaches.
  Key insights into risk factors: The analysis highlighted sleep irregularities, social withdrawal, emotional instability, and parent–child interactions as the strongest predictors of childhood depression.
  Explainable AI framework: Using SHAP values and attention mechanisms made the models more transparent, allowing clinicians and educators to understand why certain predictions were made.
  Practical contribution: The project delivers a practical model that can support proactive depression screening in both healthcare and educational settings.

6. Resources Needed
Tools and Software
The project is implemented primarily in Python, making use of deep learning frameworks such as TensorFlow and PyTorch, alongside Scikit-learn for traditional machine learning. For data analysis, libraries like Pandas and NumPy are used, while Matplotlib, Seaborn, and SHAP provide visualization and interpretability support. Development is carried out in Jupyter Notebook or Google Colab, with Git and GitHub managing version control.
Datasets
Several datasets are employed to train and validate the models. These include the Kaggle Depression Dataset, the ALSPAC longitudinal study, the Student Depression Dataset (Shamim, 2024), and the Depression Dataset (Arashnic, 2023). In addition, anonymized electronic health records (EHRs) may be integrated if available, offering further clinical depth.
Computing Resources
Training and testing are supported by both cloud-based and local resources. Cloud platforms such as AWS, Google Cloud, and Microsoft Azure provide GPU and TPU support, while local experiments are run on a workstation equipped with an NVIDIA RTX 3080 or higher, 32GB of RAM, and a 1TB SSD.
Expert Guidance
The project benefits from multidisciplinary expertise. Academic supervisors guide the research design, while psychologists and psychiatrists provide clinical insight to ensure medical relevance. AI and machine learning specialists contribute to model optimization and explainability, ensuring that the outcomes are both technically sound and practically useful.
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