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🔍 IntroductionAI master project Theorical
Title: AI-Based Prediction of Childhood Depression via Early Behavioral Analysis
Phase: 2 Literatures Review


This project aims to predict depression in children using artificial intelligence by analyzing behavioral and demographic patterns. By training machine learning models on relevant data, we seek to enable early detection of depression and support timely interventions. The study also compares existing AI approaches to evaluate their effectiveness and suitability.


📊 Comparative Table of Literature Studies on Predicting Adolescent Depression


	#
	Research Name
	Author / Year
	AI Models
	Dataset
	Advantages
	Disadvantages

	1
	Identifying Adolescent Depression and Anxiety Through Real-World Data
	Chen et al., 2024
	Random Forest + Logistic Regression
	EHRs + Social Determinants (~5,000 adolescents, 3–5 years)
	- Combines clinical + social data
- Addresses bias
- Real-world applicability
	- No external validation
- Data quality varies

	2
	Predicting Depression Risk in Early Adolescence via Multimodal Brain Imaging
	Marek et al., 2023
	Regularized Logistic Regression + Neural Networks
	ABCD Study (~6,000 adolescents, brain imaging + demographic)
	- Uses neuroimaging (connectomes)
- Multimodal integration
- Large, national dataset
	- High computational cost
- Needs access to imaging resources

	3
	Prediction of Adolescent Depression from Prenatal and Childhood Data from ALSPAC Using Machine Learning
	Yoo et al., 2024
	Gradient Boosting + Random Forest
	ALSPAC (~8,467 participants, prenatal to age 18)
	- Long-term early-life data
- Feature importance transparency
- Tracks across life stages
	- Moderate accuracy (~64%)
- Risk of overfitting
- No external validation

	4
	Insights into Depression Prediction, Likelihood, and Associations in Young Australians
	Williams et al., 2024
	Decision Tree + Random Forest
	Regional Australian youth dataset (age-specific context)
	- Interpretable models
- Context-aware
- Focused on local risk factors
	- Regional cohort limits generalizability
- Minimal feature engineering

	5
	Detection of Child Depression Using Machine Learning Methods
	Hasan et al., 2021
	Random Forest
	Unknown source (likely small clinical or academic dataset)
	- High accuracy (~95%)
- Easy-to-replicate ML pipeline
	- Dataset details unclear
- Possibly limited scalability



 
✅ Recommended AI Model to Improve
*Model Name:* Ensemble Behavior-Based Depression Predictor

Components:
- Random Forest — for handling structured behavioral data
- Gradient Boosting (e.g., XGBoost) — for performance and feature sensitivity
- Logistic Regression — for baseline interpretability

Benefits:
- High accuracy and generalizability
- Resistance to overfitting
- Transparent model interpretation (useful for clinicians)
📂 Suggested Dataset
Primary Sources:
- Kaggle (search: "child depression", "adolescent mental health")
- OpenNeuro
- ABCD Study
- SDQ Questionnaire Dataset (Strengths and Difficulties Questionnaire)

If no open dataset exists, synthetic or private academic datasets can be simulated or requested.
💻 Programming Language & Variables
Language: Python 3.10+

Key Libraries:
- pandas, numpy — data handling
- scikit-learn — ML models
- xgboost — boosting algorithms
- matplotlib, seaborn — visualization
- shap or lime — explainability

Example Variables:
features = ['sleep_duration', 'appetite_change', 'social_isolation', 'irritability',
            'concentration_level', 'school_performance', 'age', 'gender']
target = 'depression_label'
🛠️ Development Tools
Tool | Use
------|-----
Jupyter Notebook | Interactive model development
VS Code | Full IDE development
Google Colab | Cloud-based testing and execution
Label Studio | Annotation and labeling (optional)
🧪 Test Environment Setup
Tools:
- train_test_split, cross_val_score from sklearn
- confusion_matrix, accuracy_score, roc_auc_score
- SHAP / LIME for model interpretability

Code Example:
from sklearn.model_selection import train_test_split
from sklearn.ensemble import RandomForestClassifier
from sklearn.metrics import classification_report

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=42)
model = RandomForestClassifier()
model.fit(X_train, y_train)
print(classification_report(y_test, model.predict(X_test)))
✔️ Using Google Colab
Why Colab is Ideal:
- Free access to CPU/GPU
- No local setup needed
- Easy data uploads and integration with Google Drive
- Built-in support for most ML libraries
- Notebook sharing for collaboration






Getting Started:
1. Visit Google Colab
2. Install any required libraries:
!pip install xgboost shap
3. Upload or mount dataset:
from google.colab import drive
drive.mount('/content/drive')
4. Start building and testing models

