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Abstract
Childhood depression remains an underdiagnosed mental health concern, often detected only after significant emotional and behavioral disruption has occurred. This study investigates the potential of artificial intelligence (AI) models to predict childhood depression using early behavioral indicators. We apply both traditional machine learning (ML) and modern neural network (NN) approaches to real-world datasets and evaluate their effectiveness across key metrics such as accuracy, recall, and interpretability. Notably, transformer-based neural networks outperform classical algorithms in predictive capability, while models like Random Forest serve as reliable baselines. The results indicate the feasibility of deploying AI tools for early, interpretable detection of childhood depression in clinical and educational settings.
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1. Introduction
Childhood depression is a serious yet frequently overlooked mental health condition that can hinder emotional regulation, academic performance, and social development. Conventional diagnostic methods depend heavily on the presence of advanced symptoms, limiting opportunities for early intervention. Recent advances in artificial intelligence (AI) offer new capabilities for detecting subtle behavioral cues at earlier stages. This research investigates how behavioral data can be harnessed using both classical machine learning and neural network models to enable timely, accurate, and explainable predictions of childhood depression.

2. Literature Review
Numerous studies have attempted to detect depression using biometric, behavioral, and textual data. Chen et al. [1] explored real-world data for adolescent depression, while Marek et al. [2] applied brain imaging to predict early depressive patterns. Classical models like logistic regression have been used in low-dimensional datasets, but lack the capacity to model sequential or nonlinear data effectively. More recent models like LSTM and Transformers have shown promise in modeling time-series behavioral data with improved performance and interpretability [9][10].






	*
	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.





4. Methodology
This study adopts a hybrid approach involving both:
1.Review: Analysis of 10 key studies using ML/DL for depression prediction.
2.Survey: Empirical evaluation of ML and NN models on behavioral data.

Steps:
1.Extract model architectures, datasets, metrics, and limitations.
2.Apply and compare ML (RF, LR, GB) and NN (FFNN, LSTM, Transformer) models.
3.Evaluate using standard metrics and explainability tools (SHAP, attention).
4.Discuss feature contributions and real-world usability.







	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





6. Data Preparation & Feature Engineering
1.Cleaning: Remove duplicates, impute missing values.
2.Transformation: Scaling, encoding, binning.
3.Feature Engineering:
-Time-based metrics
-Behavioral risk aggregates
-RFE and MI for feature selection
Balancing: SMOTE, class weighting
Split: 80/20 training/testing with stratification

7. Model Training and Evaluation
ML Models
1.Algorithms: Random Forest, Logistic Regression, Gradient Boosting
2.Training: 5-fold CV, GridSearchCV
3.Metrics: Accuracy, Precision, Recall, F1, ROC-AUC
4.Interpretation: SHAP, feature importance
NN Models
1.Architectures: FFNN, LSTM, GRU, Transformer
2.Training: Adam optimizer, BinaryCrossentropy, early stopping
3.Metrics: Same as ML
4.Interpretation: SHAP, attention, confusion matrix


8.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




9. Key Observations
1.Transformers outperform all other models in predictive accuracy and explainability.
2.LSTM performs well on time-sequence behavioral data.
3.SHAP and attention tools enhanced the interpretability of complex models.
4.Critical features: Sleep pattern irregularity, social withdrawal, emotional instability, and poor parent-child interaction.

10. Conclusion and Future Work
AI models—especially Transformers—demonstrate strong potential in early prediction of childhood depression. These models can assist pediatric psychologists and schools in proactive interventions.
Future Work:
1.Expand datasets and apply cross-regional validation
2.Integrate multimodal inputs (e.g., text, audio)
3.Investigate explainable hybrid models
4.Deploy toolkits in clinical and educational environments
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