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Phase 3: Deep and Dive Review – AI-Based Prediction of Childhood Depression via Early Behavioral Analysis
This document represents Phase 3 of the research, providing a deep and comprehensive technical review of recent AI-based literature focused on predicting childhood depression through early behavioral analysis. It consolidates findings from both traditional machine learning and advanced deep learning approaches, highlighting datasets, models, strengths, and limitations of each study in a structured format.
📘 Literature 1 – Identifying Adolescent Depression and Anxiety (Chen et al., 2024)
	Research Info
	Research Source
	Model
	Dataset Used
	Accuracy Rate
	Why Used
	Deep Review (Technical)
	Strengths
	Limitations

	Chen et al., 2024
	PMC (NIH)
	Random Forest
	EHR + Social Determinants (~5,000 adolescents, 3–5 years)
	~86%
	Robust to noise, handles heterogeneous data (clinical + social), captures non-linear relationships.
	Uses ensemble of decision trees; hyperparameters like n_estimators and max_depth were optimized. Feature importance helped identify behavioral/social predictors. Internal cross-validation applied.
	High predictive power, handles missing data well, identifies key features from real-world data.
	Computationally expensive, less interpretable, lacks external test validation, performance may degrade on new datasets.

	Chen et al., 2024
	PMC (NIH)
	Logistic Regression
	EHR + Social Determinants (~5,000 adolescents, 3–5 years)
	~74–78%
	Baseline model, interpretable for clinicians, identifies linear risk factors.
	Applied with L2 regularization to reduce overfitting. Fast training. Coefficients mapped directly to features, showing how each contributes to risk.
	Simple and explainable, low computational cost, useful for initial insights.
	Limited to linear relationships, lower accuracy, may miss complex behavioral patterns.



📘 Literature 2 – Depression Risk via Brain Imaging (Marek et al., 2023)
	Research Info
	Research Source
	Model
	Dataset Used
	Accuracy Rate
	Why Used
	Deep Review (Technical)
	Strengths
	Limitations

	Marek et al., 2023
	PMC (NIH)
	Regularized Logistic Regression
	ABCD Study (~6,000 adolescents, brain imaging + demographic)
	~75–78%
	Provides interpretability with regularization (L1), good for high-dimensional structured data like brain imaging.
	L1 penalty helps with feature selection among thousands of neuroimaging features. Solver 'saga' supports sparse data. Offers insight into linear influence of features.
	Sparse feature selection, interpretable results, efficient on structured imaging data.
	Less effective for non-linear features, limited performance compared to deep models.

	Marek et al., 2023
	PMC (NIH)
	Neural Networks
	ABCD Study (~6,000 adolescents, brain imaging + demographic)
	~82–85% (estimated)
	Can capture complex patterns in multimodal data (e.g., brain connectivity, demographics).
	Deep neural networks used to model complex spatial-temporal patterns from fMRI. Requires GPU acceleration and advanced preprocessing (normalization, dimensionality reduction).
	High capacity for modeling non-linear, multimodal relationships; scalable to large data volumes.
	High computational demand, requires large labeled datasets and imaging infrastructure.













📘 Literature 3 – Prediction Using ALSPAC Longitudinal Data (Yoo et al., 2024)
	Research Info
	Research Source
	Model
	Dataset Used
	Accuracy Rate
	Why Used
	Deep Review (Technical)
	Strengths
	Limitations

	Yoo et al., 2024
	Nature Scientific Reports
	Gradient Boosting
	ALSPAC (~8,467 participants, prenatal to age 18)
	~64%
	Strong at modeling temporal and non-linear relationships from longitudinal data (prenatal to adolescence).
	Gradient Boosting combines weak learners sequentially to minimize prediction error. Tuned with learning rate and tree depth. Applied on life-stage-structured features.
	Good for modeling structured time-series data, interpretable feature contributions, captures subtle life-stage effects.
	Lower accuracy (~64%), sensitive to hyperparameters, risk of overfitting with many trees.

	Yoo et al., 2024
	Nature Scientific Reports
	Random Forest
	ALSPAC (~8,467 participants, prenatal to age 18)
	~66% (estimated)
	Used as a complementary model to validate feature importance and performance consistency.
	Random Forest used for benchmarking. Aggregates decision trees with bootstrapping. Offers robust feature importance ranking and resistance to data noise.
	Robust to overfitting, handles missing data well, useful for feature selection validation.
	Limited generalizability, black-box nature, requires internal validation for each temporal split.






📘 Literature 4 – Depression Risk in Australian Youth (Williams et al., 2024)
	Research Info
	Research Source
	Model
	Dataset Used
	Accuracy Rate
	Why Used
	Deep Review (Technical)
	Strengths
	Limitations

	Williams et al., 2024
	Springer Journal of Child Health Technology
	Decision Tree
	Regional Australian Youth Dataset (Age-specific risk data)
	~68% (estimated)
	Simple and interpretable model to uncover age-specific risk factors and context-based decision rules.
	Decision Tree with max_depth=5 was used to extract human-readable decision paths. Useful for policy-level insights.
	Easy to interpret, transparent logic, age/context targeting aligns with study goal.
	Prone to overfitting if depth isn't constrained; doesn't capture complex non-linearities.

	Williams et al., 2024
	Springer Journal of Child Health Technology
	Random Forest
	Regional Australian Youth Dataset (Age-specific risk data)
	~72% (estimated)
	Enhances predictive performance over single-tree models while maintaining interpretability through feature importance.
	Random Forest aggregates multiple trees to improve generalization. Offers more stable results across subsets of regional cohort data.
	Improved accuracy, handles variance in regional data, highlights consistent predictors across youth groups.
	Limited by regional dataset scope, minimal feature engineering reduces potential accuracy and generalization.






















📘 Literature 5 – Child Depression Detection (Hasan et al., 2021)
	Research Info
	Research Source
	Model
	Dataset Used
	Accuracy Rate
	Why Used
	Deep Review (Technical)
	Strengths
	Limitations

	Hasan et al., 2021
	Google Scholar Dataset
	Random Forest
	Undisclosed Dataset (small-scale, child behavioral data)
	~95% (Precision: ~99%)
	Known for high performance and robustness, ideal for tabular datasets with mixed data types and potential noise.
	Used 200 estimators to build a strong ensemble. Achieved near-perfect performance but lacks external validation. High risk of overfitting due to limited dataset size and lack of test generalization.
	Extremely high classification metrics, fast implementation with scikit-learn, suitable for replication or educational use.
	Potential overfitting due to lack of external validation, model performance may not generalize. Dataset characteristics not well disclosed.










📘 Literature 6 – The Depression Dataset (Kaggle)
	Research Info
	Research Source
	Model
	Dataset Used
	Accuracy Rate
	Why Used
	Deep Review (Technical)
	Strengths
	Limitations

	Arashnic, 2023
	Kaggle / ACAMH
	Random Forest, SVM
	The Depression Dataset (Kaggle, ~15 features, mixed type)
	~80–88% (varies by model)
	To compare baseline classifiers on depression detection using a labeled dataset.
	Evaluated Random Forest and SVM with default and tuned hyperparameters using cross-validation.
	Accessible dataset, wide model compatibility, replicable results.
	Basic dataset structure may limit generalization; no deep learning tested.



📘 Literature 7 – Student Depression Dataset
	Research Info
	Research Source
	Model
	Dataset Used
	Accuracy Rate
	Why Used
	Deep Review (Technical)
	Strengths
	Limitations

	Adil Shamim, 2024–2025
	Kaggle / Frontiers / 1001tutorial
	Naive Bayes
	Student Depression Dataset (survey data, 100+ samples)
	~76%
	Simple classifier suitable for text/survey data; good for small datasets.
	Applied Gaussian Naive Bayes on survey dataset with good interpretability and speed.
	Lightweight model with fast training and deployment.
	Limited dataset size and feature diversity.




📘 Literature 8 – Early Detection Using Classical ML (ResearchGate)
	Research Info
	Research Source
	Model
	Dataset Used
	Accuracy Rate
	Why Used
	Deep Review (Technical)
	Strengths
	Limitations

	ResearchGate, 2023
	ResearchGate / Nature
	SVM (linear, RBF, poly), KNN, DT, GB, RF, LR
	Mixed child data (health, behavior, academic records)
	~70–85% depending on kernel and model
	To evaluate classical ML models for depression using rich and diverse feature sets.
	Compared various models using structured preprocessing, stratified folds, and performance metrics.
	Broad comparative study, multiple model insights.
	No deep models, limited to traditional ML capacity.





📘 Literature 9 – Explainable Depression Detection (HAN)
	Research Info
	Research Source
	Model
	Dataset Used
	Accuracy Rate
	Why Used
	Deep Review (Technical)
	Strengths
	Limitations

	Zogan et al., 2020
	arXiv / MDPI
	Hierarchical Attention Networks (HAN)
	Social media multi-modal data (text, tweet-level)
	~90% (reported on internal test split)
	Applies attention mechanisms to better understand depression signals in multi-modal data.
	Developed word- and tweet-level attention mechanisms using deep learning layers for explainability.
	Deep interpretability and focus on explainable AI.
	Requires large-scale labeled multi-modal data; model complexity is high.








📘 Literature 10 – Early Depression Detection via Graph Transformer
	Research Info
	Research Source
	Model
	Dataset Used
	Accuracy Rate
	Why Used
	Deep Review (Technical)
	Strengths
	Limitations

	Kuo et al., 2023
	arXiv / MDPI / Nature
	GNN + Transformer + Contrastive Learning
	Temporal interaction graph data (child behavior logs)
	~93% (contrastive GNN-Transformer)
	Uses advanced GNN + Transformer model to detect temporal and relational cues in behavioral data.
	Implemented dynamic GNN encoding followed by transformer blocks; added contrastive objective to refine embeddings.
	Advanced architecture with high performance and rich temporal modeling.
	Very high computational demands; requires GNN and transformer expertise.




