
XGBoost and Gradient 
Boosting



Understanding 
Gradient 
Boosting

Simple Analogy

Imagine you're taking a really hard math test, but you get to work with 
friends:

Traditional Approach (Random Forest):
• Everyone works on the test independently
• You collect all answers and vote on the best one
• Like having 100 friends take the test separately

Boosting Approach (Gradient Boosting):
• Friend #1 takes the test first, gets some answers wrong
• Friend #2 looks at what Friend #1 got wrong and focuses 

ONLY on those hard problems
• Friend #3 focuses on what Friends #1 and #2 still got wrong
• Continue until the team gets everything right!

• Key Insight: Each new friend learns from previous mistakes 
instead of starting from scratch.



Understanding Gradient Boosting
Banking Example: Loan Approval Evolution
Traditional Model:

• Customer Data → Single Model → Approve/Reject

Gradient Boosting:
Customer Data → Model 1 (basic rules) → Still some errors

      → Model 2 (learns from Model 1's mistakes) → Fewer errors 
      → Model 3 (learns from remaining mistakes) → Even fewer errors

      → Final Prediction (combines all models) → Minimal errors

Real Example:
• Model 1: "High income = approve" (misses young high earners with no credit history)
• Model 2: Focuses on young high earners, learns "young + high income + no history = risky"
• Model 3: Focuses on remaining errors, learns complex interactions

• Final Model: Combines all insights for comprehensive decision-making
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Technical Definition of Gradient Boosting

Sequential Learning Process:
• Start simple: Build a weak learner (often a shallow tree)
• Identify mistakes: Calculate residuals (actual - predicted)
• Learn from mistakes: Train next model to predict these residuals
• Combine intelligently: Add new model to ensemble with optimal weight
• Repeat: Continue until stopping criteria met



Technical Definition of Gradient Boosting

Mathematical Foundation (Simplified)

The Core Equation:

F(x) = F₀(x) + α₁h₁(x) + α₂h₂(x) + ... + αₘhₘ(x)

Where:

F(x) = Final prediction

F₀(x) = Initial prediction (usually mean/mode)

hᵢ(x) = i-th weak learner

αᵢ = Learning rate for i-th learner



Technical Definition of Gradient Boosting

Credit Risk Score = Base Risk + 

                   α₁ × Income_Impact + 

                   α₂ × Credit_Score_Impact + 

                   α₃ × Employment_Impact + ...

F(x) = F₀(x) + α₁h₁(x) + α₂h₂(x) + ... + αₘhₘ(x)
F(x) = Final prediction

F₀(x) = Initial prediction (usually mean/mode)

hᵢ(x) = i-th weak learner

αᵢ = Learning rate for i-th learner



Why Gradient Boosting Works So Well

1. Bias-Variance Optimization 🎯

• Traditional ML Dilemma:
• High Bias Models (linear regression): 

Consistent but often wrong
• High Variance Models (deep trees): 

Sometimes very accurate, sometimes very 
wrong

• Gradient Boosting Solution:
• Weak learners have high bias, low variance
• Sequential combination reduces bias while 

controlling variance
• Result: Low bias AND low variance (the holy 

grail!)

2. Adaptive Learning 🧠

• Smart Error Correction:
• Each new model focuses on previous 

mistakes
• Automatically identifies di9icult cases
• Progressively improves where needed 

most
• Banking Application:

• First tree might capture income e9ects
• Second tree focuses on cases where 

income alone isn't predictive
• Third tree handles edge cases and 

interactions



Why Gradient Boosting Works So Well

Aspect Random Forest Gradient Boosting
Training Parallel (independent trees) Sequential (dependent trees)
Tree Depth Deep trees Shallow trees
Overfitting Resistant (averaging effect) Prone (but controllable)
Bias Higher Lower
Variance Lower Higher (but manageable)
Training Speed Faster Slower
Prediction Speed Faster Comparable
Performance Good Often superior

Random Forest (Bagging) vs Gradient Boosting



Types of Gradient Boosting

1. Classical Gradient Boosting (GBM)

• Original Friedman implementation

• Foundation for all modern variants

• Still competitive for many applications

2. XGBoost (eXtreme Gradient Boosting)

• Optimized implementation with regularization

• Handles missing values automatically

• Built-in cross-validation and early stopping

3. LightGBM (Microsoft)

• Leaf-wise tree growth (vs level-wise)

• Faster training, lower memory usage

• Excellent for large datasets

4. CatBoost (Yandex)

• Native categorical feature handling

• Ordered boosting to reduce overfitting

• Built-in regularization



XGBoost Deep Dive

What Makes XGBoost Special?

XGBoost = Gradient Boosting + Engineering Excellence + Research Innovation

1. Mathematical Improvements 📐
• Second-order optimization: Uses both gradient and 

Hessian
• Regularization: L1 (Lasso) and L2 (Ridge) built-in
• Objective function: More robust loss optimization

2. Engineering Excellence ⚙
• Parallel processing: Faster training through 

parallelization
• Memory eDiciency: Block structure for data storage
• Cache optimization: CPU cache-aware algorithms

3. Practical Features 🛠
• Missing value handling: Learns optimal direction for 

missing values
• Built-in CV: Cross-validation integrated into training
• Early stopping: Automatic overfitting prevention



XGBoost Architecture (Core Components)

1. Boosting Framework

# Simplified XGBoost training loop
for iteration in range(num_rounds):
    # Calculate gradients and hessians
    gradients = calculate_gradients(y_true, y_pred)
    hessians = calculate_hessians(y_true, y_pred)
    
    # Build new tree to fit gradients
    new_tree = build_tree(gradients, hessians)
    
    # Add to ensemble with learning rate
    ensemble.add_tree(learning_rate * new_tree)
    
    # Update predictions
    y_pred = ensemble.predict(X)



XGBoost Architecture (Core Components)

2. Tree Construction 

• Split finding: Efficiently finds best splits using gradient statistics

• Regularization: Prunes trees during construction

• Parallel construction: Builds trees faster using multiple cores

3. Prediction Engine 

• Additive prediction: Sums contributions from all trees

• Missing value handling: Learns optimal default directions

• Probability calibration: Converts raw scores to probabilities



XGBoost Hyperparameters

1. Tree Structure Parameters
# Control tree complexity

'max_depth': 6,           # Prevent overfitting (3-10 for banking)

'min_child_weight': 1,    # Minimum samples in leaf (1-10)

'max_leaves': 0,          # Maximum leaves (0 = no limit)

'gamma': 0,               # Minimum loss reduction (0-1)

2. Boosting Parameters 
# Control learning process

'learning_rate': 0.3,     # Step size (0.01-0.3 for banking)

'n_estimators': 100,      # Number of trees (50-1000)

'subsample': 1.0,         # Row sampling (0.5-1.0)

'colsample_bytree': 1.0,  # Column sampling (0.3-1.0)



XGBoost Hyperparameters

3. Regularization Parameters
# Prevent overfitting

'reg_alpha': 0,           # L1 regularization (0-10)

'reg_lambda': 1,          # L2 regularization (0-10)

'scale_pos_weight': 1,    # Handle imbalanced data

4. Others
# Optimized for banking applications

banking_params = {

    'objective': 'binary:logistic',    # Binary classification

    'eval_metric': ['auc', 'logloss'], # Banking-relevant metrics

    'tree_method': 'hist',             # Faster for tabular data

    'random_state': 42,                # Reproducibility

    'verbosity': 1                     # Monitor training

}


