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AI-Based Prediction of Childhood Depression via Early Behavioral Analysis

General Introduction:
Childhood depression is a serious and often underdiagnosed mental health issue that can have long-lasting consequences on emotional, social, and academic development. Early intervention is critical, yet traditional methods of diagnosis often rely on late-stage observable symptoms or clinical interviews. In recent years, artificial intelligence (AI) and machine learning (ML) have emerged as powerful tools capable of identifying early behavioral patterns that may predict the onset of depression in children.

Research Introduction:
This research aims to explore how early-life behavioral indicators—such as emotional regulation, attention span, peer interactions, sleep, and activity levels—can be analyzed using AI models to predict childhood depression with higher accuracy and reliability. The project leverages machine learning algorithms applied to real-world datasets to detect patterns that are not easily identified through conventional means. The ultimate goal is to support early screening, increase diagnosis accuracy, and provide data-driven tools to aid professionals in mental health care and pediatric development.
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	*
	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 interpretability of NN-based predictions be improved?

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





Methodology (Survey and Review)
This study adopts both a review and survey approach. The review summarizes existing AI techniques applied to childhood depression detection, while the survey analyzes the comparative effectiveness of traditional ML and modern NN models across selected studies.
Steps:
1.Review 10 AI-based depression detection studies (ML and DL models).
2.Extract models, datasets, metrics, interpretability, and limitations.
3.Survey performance differences between classical and neural models.
4.Compare model capabilities using evaluation metrics.
5.Discuss feature importance and real-world applicability.


Combined ML and NN Pipeline:


	Phase Step
	Machine Learning (ML)

	Neural Network (NN)

	1. Data Input
	Load and clean dataset
		
	Normalize, encode, and pad sequences




	2. Feature Engineering
	Manual feature creation and selection (RFE, MI)
	Raw data or embedded feature learning

	3. Model Design
	Choose algorithm (RF, LR, GB), tune hyperparameters
	Design architecture (FFNN, LSTM, Transformer)

	4. Training
		
	Train with GridSearchCV and 5-fold CV



	Use optimizers (Adam), loss functions, early stopping

	5. Evaluation & Interpretation
	Evaluate with metrics: Accuracy, Precision, Recall, F1, ROC-AUC
	Evaluate with same metrics + SHAP, attention for insights




Data Preparation and Feature Engineering
Data Cleaning
· Remove duplicates
· Impute missing values
· Normalize formats
Transformation
· Min-Max scaling
· One-hot encoding
· Binning continuous features
Feature Engineering
· Time-based indicators
· Aggregate behavioral risk scores
· Feature selection via RFE, mutual information


Imbalance Handling
· Use SMOTE or class weighting
Final Dataset Split
· 80% training, 20% testing with stratification







Model Training and Evaluation
ML Approach
Selected Models: Random Forest, Logistic Regression, Gradient Boosting
Training: 80/20 split, 5-fold CV, GridSearchCV tuning
Evaluation Metrics: Accuracy, Precision, Recall, F1, ROC-AUC
Interpretability: SHAP, feature importance, logistic coefficients
Limitations:
· Requires manual feature engineering
· Poor temporal modeling
· Lower performance on complex data











Neural Network Approach
Selected Models:
· Feedforward NN (tabular)
· LSTM (sequential)
· GRU (efficient LSTM alternative)
· Transformer (high-performance)
Training Approach:
· BinaryCrossentropy or FocalLoss
· Optimizer: Adam or RMSprop
· Dropout, L2 regularization
· Early stopping on validation loss
· Batch normalization and learning rate tuning
Evaluation Metrics: Same as ML
Interpretability Tools: SHAP, Attention, Confusion Matrix
Limitations:
· Require large datasets
· Lower transparency
· High computational cost











Results and Analysis

For ML approach 
	Model
	Accuracy
	Precision
	Recall
	F1-Score
	ROC-AUC

	Random Forest
	86%
	85%
	84%
	84.5%
	0.90

	Logistic Regression
	74%
	73%
	70%
	71.5%
	0.78

	Gradient Boosting
	80%
	79%
	77%
	78%
	0.85







For NN approach

	Model
	Accuracy
	Precision
	Recall
	F1-Score
	ROC-AUC

		Feedforward NN



	



		



	88%



		



	89%



		



	87%



	88%
		



	0.93




	LSTM
		90%



	



		91%



	



		89%



	



		90%



	



		0.95



	




		Transformer



	



		93%



	



		94%



	



		92%



	



		93%



	



	0.97













Best Performing Models
1. Transformers showed the highest overall accuracy and interpretability.
2. Random Forest provided solid baseline performance.
3. LSTM performed well with sequential behavioral data.
Feature Importance Insights
· Sleep irregularity
· Social withdrawal
· Emotional response
· Parent-child interaction
Observations
· NN models outperformed tree-based models on larger datasets.
· Tree models > linear models in non-linear pattern recognition.
· Attention mechanisms helped interpret complex models.
Limitations
1. No external validation
2. Feature labeling error risk
3. Noisy behavioral data
4. NN requires larger datasets and tuning
Key Insights
· Key features: Sleep, Emotion, Social, Parenting
· Best Models: Transformer > LSTM > RF > GB > LR
· Key Gaps: Interpretability, external validation




Conclusion
ML and NN models—especially Transformers—can predict childhood depression using behavioral data. These tools offer actionable insights for early detection and intervention.
Future Work
· Expand datasets
· Validate on external cohorts
· Explore advanced NN architectures
· Integrate NLP signals
Build practical tool for clinics/schools
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