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Computational Approaches to Childhood Depression: A Review of ML and NN Methods (Updated)




1. Introduction
Depression among children and adolescents has become a major public health concern, with long-term consequences on emotional development, academic performance, and overall quality of life. Early detection is essential, yet traditional diagnostic methods often rely on self-reports or clinical observations that may not capture subtle behavioral and psychological patterns.
In recent years, Artificial Intelligence (AI)—particularly Machine Learning (ML) and Neural Network (NN) models—has emerged as a powerful tool for identifying depressive symptoms by analyzing diverse data sources such as speech, facial expressions, social media behavior, physiological signals, and clinical records. These computational approaches can automatically extract complex patterns that correlate with depressive tendencies, allowing for earlier and more objective assessments.
The purpose of this paper is to review the most recent and relevant studies that apply ML and NN methodologies for depression prediction and detection, with a particular focus on youth and children. The review summarizes the techniques used, data types, and model performance to provide insight into the strengths and limitations of current approaches. This understanding will also guide the development of an optimized AI model for predicting depression in children, forming the foundation of our ongoing research.














2. Literature Review and Analysis
2.1 Machine Learning-Based Approaches
1. Identifying Adolescent Depression and Anxiety
This study explored predictive models for detecting depression and anxiety among adolescents using self-reported behavioral and emotional features. The authors trained Random Forest (RF) and Logistic Regression (LR) classifiers, finding RF achieved around 86% accuracy, outperforming LR (~74–78%).
🔗 Research Link
2. Depression Risk via Brain Imaging
Researchers analyzed structural brain MRI scans to predict depression risk. Both Logistic Regression and Neural Network models were tested, achieving accuracies of 75–85%. The NN captured complex nonlinear relations between brain regions associated with depressive symptoms.
🔗 Research Link
3. ALSPAC Longitudinal Data Study
Using the ALSPAC dataset of adolescent behavioral records, Gradient Boosting and Random Forest algorithms were evaluated for early-stage depression prediction. Results showed moderate accuracy (64–66%), indicating the challenge of longitudinal behavioral modeling.
🔗 Research Link
4. Australian Youth Depression Risk
This study utilized decision-tree-based methods on youth survey data to assess depression risk factors. Decision Tree and Random Forest models achieved ~68% and ~72% accuracy respectively, demonstrating that simple ensemble models can yield robust screening outcomes.
🔗 Research Link
5. Child Depression Detection
Focusing on behavioral observation data, this research applied Random Forest classifiers to predict depressive tendencies among children. The model reached about 95% accuracy, emphasizing the importance of feature engineering from non-verbal cues.
🔗 Research Link
6. The Depression Dataset Analysis
Using a benchmark depression dataset of questionnaire responses, multiple algorithms were compared. Random Forest and Support Vector Machine (SVM) produced accuracies between 80–88%, highlighting ensemble and kernel-based strengths in classification.
🔗 Research Link
7. Student Depression Dataset
Focusing on college students, this work used demographic and lifestyle factors to detect depression through a Naïve Bayes classifier with ~76% accuracy. The study demonstrated the feasibility of lightweight probabilistic models for large-scale surveys.
🔗 Research Link
8. Early Detection Using Classical ML
A comparative analysis of SVM, KNN, Decision Tree, Gradient Boosting, Random Forest, and Logistic Regression models was conducted on social-media text datasets. Accuracy ranged 70–85%, showing that multi-model fusion improves performance stability.
🔗 Research Link

2.2 Neural Network-Based Approaches
9. Explainable Depression Detection Using Hierarchical Attention Networks (HAN)
This research introduced an interpretable deep-learning framework where Hierarchical Attention Networks analyzed text posts to identify depressive users. The model achieved around 90% accuracy and provided attention-based explanations for each prediction.
🔗 Research Link
10. Graph Transformer for Depression Detection
A hybrid Graph Neural Network + Transformer model with contrastive learning was used to analyze multimodal user data. It achieved ~93% accuracy, setting a new benchmark in contextual understanding of depression-related cues.
🔗 Research Link
11. Deep CNN for Facial Expression Depression Detection
This study employed Convolutional Neural Networks (CNNs) to recognize depressive emotions from facial images. The model achieved ~91% accuracy on the AVEC dataset, demonstrating the potential of visual analysis for mood assessment.
🔗 Research Link
12. Speech-Based Depression Prediction Using LSTM
Researchers extracted acoustic and linguistic features from speech samples and applied Long Short-Term Memory (LSTM) networks. The approach achieved ~88% accuracy and effectively modeled temporal voice variations related to mood changes.
🔗 Research Link
13. Multimodal Deep Learning for Depression Assessment
This work combined facial, textual, and audio inputs using a multimodal deep-fusion architecture. CNN-RNN hybrid models improved the detection accuracy to ~90%, highlighting the importance of integrating multiple behavioral signals.
🔗 Research Link
14. Transformer-Based Text Classification for Depression Detection
Utilizing BERT and RoBERTa transformers, this research achieved ~92% accuracy on Reddit posts by modeling long-range linguistic dependencies. It also provided explainability through attention-weight visualization.
🔗 Research Link
15. Autoencoder-Based Feature Extraction for Mental Health
The authors implemented Deep Autoencoders to reduce feature dimensionality before classification, improving robustness to noisy data. The model reached ~85% accuracy and enhanced interpretability in latent-space representation.
🔗 Research Link
16. EEG-Based Depression Detection with CNN-LSTM
Electroencephalogram (EEG) signals were processed using a hybrid CNN-LSTM network to detect depression severity. The study achieved ~89% accuracy, demonstrating the value of physiological biomarkers in diagnosis.
🔗 Research Link
17. Social Media Emotion Embedding for Depression Detection
A deep-learning framework built emotional embeddings from Twitter data using Bi-LSTM networks. Achieved ~87% accuracy and proved effective for continuous mental-health monitoring.
🔗 Research Link
18. Attention-Enhanced LSTM for Teen Depression Prediction
Targeting teenagers, this model integrated Attention Mechanisms with LSTM for better temporal context understanding. Accuracy reached ~90%, making it suitable for mobile mental-health applications.
🔗 Research Link
19. Multilayer Perceptron for Behavioral Screening
This study used a Multilayer Perceptron (MLP) on behavioral-survey datasets. With ~84% accuracy, it demonstrated the viability of fully connected deep models for structured psychological data.
🔗 Research Link
20. Hybrid CNN-Transformer for Emotion-Aware Depression Detection
A recent framework merged CNN feature extraction with Transformer contextual encoding to analyze multimodal data. The hybrid achieved ~94% accuracy, outperforming single-modality baselines and paving the way for next-generation depression-analysis systems.
🔗 Research Link














3. Summary of Literature Review


	No.
	Research Name
	Link
	Approach Type
	Models Used
	Accuracy (Approx.)

	1
	Identifying Adolescent Depression and Anxiety
	ScienceDirect
	ML
	Random Forest, Logistic Regression
	RF ~86%, LR ~74–78%

	2
	Depression Risk via Brain Imaging
	Nature
	ML & NN
	Logistic Regression, Neural Network
	LR ~75–78%, NN ~82–85%

	3
	ALSPAC Longitudinal Data Study
	PLOS ONE
	ML
	Gradient Boosting, Random Forest
	GB ~64%, RF ~66%

	4
	Australian Youth Depression Risk
	BMC Med Informatics
	ML
	Decision Tree, Random Forest
	DT ~68%, RF ~72%

	5
	Child Depression Detection
	SpringerLink
	ML
	Random Forest
	~95%

	6
	The Depression Dataset Analysis
	ScienceDirect
	ML
	Random Forest, SVM
	~80–88%

	7
	Student Depression Dataset
	MDPI
	ML
	Naïve Bayes
	~76%

	8
	Early Detection Using Classical ML
	IEEE Xplore
	ML
	SVM, KNN, DT, GB, RF, LR
	~70–85%

	9
	Explainable Depression Detection (HAN)
	ACL Anthology
	NN
	Hierarchical Attention Networks
	~90%

	10
	Graph Transformer for Depression Detection
	ACM DL
	NN
	GNN + Transformer + Contrastive Learning
	~93%

	11
	Deep CNN for Facial Expression Detection
	IEEE Xplore
	NN
	CNN
	~91%

	12
	Speech-Based Depression Prediction (LSTM)
	ScienceDirect
	NN
	LSTM
	~88%

	13
	Multimodal Deep Learning for Depression
	ACM DL
	NN
	CNN + RNN Hybrid
	~90%

	14
	Transformer-Based Text Classification
	arXiv
	NN
	BERT, RoBERTa
	~92%

	15
	Autoencoder-Based Feature Extraction
	Frontiers in Psychiatry
	NN
	Deep Autoencoder
	~85%

	16
	EEG-Based Depression Detection (CNN-LSTM)
	Nature
	NN
	CNN-LSTM
	~89%

	17
	Social Media Emotion Embedding
	MDPI
	NN
	Bi-LSTM
	~87%

	18
	Attention-Enhanced LSTM for Teen Depression
	Frontiers in Psychiatry
	NN
	Attention + LSTM
	~90%

	19
	Multilayer Perceptron for Behavioral Screening
	SpringerLink
	NN
	MLP
	~84%

	20
	Hybrid CNN-Transformer for Emotion-Aware Detection
	ACM DL
	NN
	CNN + Transformer
	~94%




4. Conclusion
This review has examined twenty recent studies that employed Machine Learning and Neural Network methodologies to detect or predict depression, particularly among children and adolescents. The literature demonstrates that AI-driven techniques have achieved notable progress in recognizing complex behavioral, linguistic, physiological, and emotional cues associated with depressive states.
Traditional ML algorithms—such as Random Forest, Support Vector Machine, and Gradient Boosting—show reliable baseline performance (typically 70–85 % accuracy) and require relatively small datasets. However, their ability to capture temporal and contextual information remains limited. Conversely, Neural Network models—especially deep architectures such as CNNs, LSTMs, and Transformers—consistently outperform classical methods, reaching accuracies above 90 % in multimodal settings. These models excel at integrating diverse inputs (e.g., facial images, EEG signals, and text) and uncovering nonlinear relationships that mirror the multidimensional nature of depression.
Despite these advances, several gaps persist. Many models depend on small or demographically narrow datasets, leading to limited generalization across cultures and age groups. Moreover, interpretability remains a challenge; while attention mechanisms and explainable AI techniques offer promising solutions, further work is required to make clinical adoption practical and trustworthy.
For ongoing and future research—particularly the present project on predicting depression in children by analyzing behavioral patterns—the synthesis of ML efficiency with NN depth appears most promising. A hybrid framework combining interpretable ensemble models with deep contextual representations could achieve both accuracy and transparency, enabling early, ethical, and child-focused mental-health support systems.


















