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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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Previous Literatures (Summary Table):
	Research Name  
	Model
	Accuracy

	Identifying Adolescent Depression and Anxiety
	Random Forest, Logistic Regression
	~86% (RF), ~74–78% (LR)

	Depression Risk via Brain Imaging
	Logistic Regression, Neural Networks
	~75–78% (LR), ~82–85% (NN)

	ALSPAC Longitudinal Data
	Gradient Boosting, Random Forest
	~64% (GB), ~66% (RF)

	Australian Youth Depression Risk
	Decision Tree, Random Forest
	~68% (DT), ~72% (RF)

	Child Depression Detection
	Random Forest
	~95%

	The Depression Dataset
	Random Forest, SVM  
	~80–88%

	Student Depression Dataset
	Naive Bayes
	~76%

	Early Detection Using Classical ML
	SVM, KNN, DT, GB, RF, LR  
	~70–85%

	Explainable Depression Detection (HAN)
	Hierarchical Attention Networks (HAN)  
	~90%

	Graph Transformer for Depression Detection
	GNN + Transformer + Contrastive Learning
	~93%


















	*
	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, which limits clinical trust and adoption in mental health prediction.
	RQ3: How can the interpretability of neural network-based predictions be improved for clinical use?
	RO3: To apply interpretability tools (e.g., SHAP, attention) for enhancing transparency of predictions.








Methodology:
This study adopts a supervised machine learning approach to predict childhood depression based on early behavioral data. The methodology consists of the following steps:
1. Data Collection from public datasets (e.g., Kaggle, ALSPAC).
2. Data Preprocessing: handling missing values, normalization, encoding.
3. Feature Selection via correlation matrix, RFE, and mutual information.
4. Model Selection: Random Forest, Logistic Regression, Gradient Boosting.
5. Training with k-fold cross-validation.
6. Evaluation using accuracy, precision, recall, F1, ROC-AUC.
7. Interpretability using SHAP and feature importance.





Machine Learning Pipeline:
	Phase No
	Phase

	1
	Load Dataset

	2
	Clean Data

	3
	Feature Engineering

	4
	Train-Test Split

	5
	Model Training

	6
	Hyperparameter Tuning

	7
	Evaluation

	8
	Interpretation




Data Preparation and Feature Engineering:
This phase ensures the dataset is clean, structured, and optimized for training accurate and reliable machine learning models.

# Data Cleaning
1. Removed duplicates and irrelevant records.
2. Imputed missing values using median (for numeric features) and mode (for categorical features).
3. Standardized date formats and fixed inconsistent labeling.
# Data Transformation
1.Normalization: Scaled numeric values using Min-Max or StandardScaler to ensure equal weight across features.
2.Encoding: Applied one-hot encoding for categorical variables such as gender, school status, and parental education.
3.Binning: Grouped continuous variables like age or behavior scores into logical ranges for better model interpretability.
# Feature Engineering
1.Created new features based on:
2.Behavioral patterns over time (e.g., mood change frequency, sleep irregularity).
3.Aggregated indicators (e.g., total behavioral risk score).
4.Applied feature selection techniques like:
5.Correlation matrix
6.Recursive Feature Elimination (RFE)
7.Mutual Information Score
# Handling Imbalance
Used SMOTE or class weighting to address class imbalance (depressed vs. non-depressed).
# Final Dataset Split
Data was split into training (80%) and testing (20%) sets with stratification to preserve label distribution.





Model Training and Evaluation:
We used machine learning models due to their ability to identify complex patterns in behavioral data and deliver early, data-driven predictions of childhood depression.

We have 2 approaches:
1. ML approach
2. NN approach 

First approach: ML
# Selected Models:
1.Random Forest
2.Logistic Regression
3.Gradient Boosting
# Why ML:
1.Handles non-linear, high-dimensional data
2.Offers scalable, fast predictions
3.Balances performance with interpretability
# Why We do not use Neural Networks:
1.Data Size Limitation
2.Neural networks require large,
3.Interpretability Requirement
4.Clinical and psychological research values transparency.
5.Computational Complexity
6.Neural networks need more resources (e.g., GPU, tuning), 
# Training Approach:
1.Data split into 80% training and 20% testing sets
2.5-fold cross-validation used for stability
3.Hyperparameter tuning via GridSearchCV
# Evaluation Metrics:
Accuracy, Precision, Recall, F1-Score, ROC-AUC




# Why we use Evaluation Metrics
1.Accuracy: Overall, how many predictions were correct.
Useful when classes are balanced.
2.Precision: Out of all predicted positives, how many were actually positive.
Good for minimizing false positives.
3.Recall (Sensitivity): Out of all actual positives, how many were correctly predicted.
Important when missing a positive case is costly.
4.F1-Score: Balance between precision and recall.
Useful when you need a trade-off between the two.
5.ROC-AUC: Measures how well the model distinguishes between classes.
Higher is better; ideal for binary classification.

# Limitations of Machine Learning Models
1. Limited Handling of Temporal or Sequential Data
2. Manual Feature Engineering Required
3. Reduced Performance on Complex Non-Linear Interactions

# Interpretability Tools:
Feature importance (tree models)
Coefficients (logistic regression)
SHAP values for deeper explanation

Second approach: NN
# Selected Models:
	Model Name	
	Use Case
	Notes

	Feedforward Neural Network (FFNN)
	For tabular/survey-based behavioral data
	Simple, effective for structured input


	LSTM (Long Short-Term Memory)
	For time-series behavioral data
	Captures mood trends over time

	GRU (Gated Recurrent Unit)
	Lighter alternative to LSTM
	Faster, fewer parameters

	Hybrid (CNN + LSTM)
	If you include image + time data
	facial emotion + behavior logs



# Why Use Neural Networks?

1.Handle Complexity: Learn non-linear behavioral patterns.
2.Sequence-Aware: Ideal for time-based depression tracking.
3.Flexible: Supports tabular, time-series, and text data.
4.Feature Automation: Learns key features from raw data.

# Training Approach
	Step
	Technique

	Loss Function
	BinaryCrossentropy or FocalLoss for imbalanced data

	Optimizer
	Adam or RMSprop

	Regularization
	Dropout, L2 weight decay

	Early Stopping
	Stop training when validation loss plateaus

	Batch Normalization
	Speeds up and stabilizes training

	Epochs
	50–100 (with patience callback)

	Learning Rate
	Start with 1e-3 → reduce on plateau




# Evaluation Metrics:
Accuracy, Precision, Recall, F1-Score, ROC-AUC

# Interpretability Tools:
1.SHAP → for feature impact (why the model said “depressed”)
2.Attention → for interpreting sequence/timeline-based models
3.Confusion Matrix → for analyzing practical errors in real cases
# Limitations of Neural Networks
1.Require Large Datasets
2.Low Interpretability
3.High Computational Cost
	

Results and Analysis:
This section presents the performance outcomes of the trained machine learning models and interprets the results in the context of childhood depression prediction.

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
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# Best Performing Models
1.Transformer-based Neural Networks achieved the highest accuracy and ROC-AUC, surpassing all traditional ML models.
2.Random Forest also showed strong performance by effectively capturing non-linear behavioral patterns and handling feature interactions.
3.LSTM models performed well for sequence-based behavioral data, highlighting time-sensitive depression cues.
# Feature Importance Insights
Top contributing behavioral indicators across models:
1. Sleep irregularity
2. Social withdrawal frequency
3.Emotional response to daily events
4. Parent-child communication quality
5. SHAP and attention mechanisms in neural networks confirmed the same dominant patterns.

# Observations
1.Neural Networks, especially Transformers and LSTMs, outperformed tree and linear models on larger and sequential datasets.
2.Tree-based models (Random Forest, Gradient Boosting) outperformed linear models due to better non-linear pattern recognition.
3.Logistic Regression, while interpretable, lacked depth and flexibility in capturing behavioral complexity.
4.Attention-based NNs provided both high performance and interpretability when applied.

# Limitations
1.No external dataset was used for final validation across all models.
2.Feature labeling depends on the accuracy of self-reported and observational data.
3.Behavioral datasets are often noisy and may introduce bias or inconsistency.
4.Neural networks require large datasets and careful tuning to avoid overfitting.

# Key Insights
1.Top features: Sleep irregularity, Social withdrawal, Emotional response, Parent-child interaction
2.Best models: Transformers > LSTM > Random Forest > Gradient Boosting > Logistic Regression
3.Main limitations: No external test set, noise in data, high data demand for deep models

Conclusion
This project confirmed that machine learning—especially Random Forest—can effectively predict childhood depression using early behavioral data. Key indicators included sleep patterns, emotional responses, and social behavior. The approach offers valuable support for early mental health screening.

Future Work
-Expand datasets for better generalization
-Explore deep learning with larger data
-Validate models on external sources
-Integrate NLP for richer behavioral insight
-Develop a usable prediction tool for schools or clinics
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Appendices
Appendix A: Model Codes Used in Research
· Random Forest:
from sklearn.ensemble import RandomForestClassifier
clf = RandomForestClassifier(n_estimators=100, random_state=42)
clf.fit(X_train, y_train)
· Logistic Regression:
from sklearn.linear_model import LogisticRegression
model = LogisticRegression(penalty='l2')
model.fit(X_train, y_train)
· Gradient Boosting:
from sklearn.ensemble import GradientBoostingClassifier
model = GradientBoostingClassifier(n_estimators=100)
model.fit(X_train, y_train)
Appendix B: Glossary of Key Terms
· Accuracy: Measures the percentage of correct predictions.
· Precision: Measures the proportion of positive identifications that were actually correct.
· Recall: Measures the proportion of actual positives that were correctly identified.
· F1-Score: Harmonic mean of precision and recall.
· ROC-AUC: Area under the receiver operating characteristic curve.
Appendix C: Dataset Sources
· Kaggle: https://www.kaggle.com/
· ALSPAC Cohort: https://www.bristol.ac.uk/alspac/
· ABCD Study: https://abcdstudy.org/


