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1. INTRODUCTION 

Breast cancer is one of the most common cancers affecting women worldwide. Early detection 

and accurate classification of tumors as malignant (cancerous) or benign (non-cancerous) are 

crucial for effective treatment and improved patient outcomes. This project implements a neural 

network from scratch to classify breast cancer cases using only NumPy, demonstrating deep 

understanding of machine learning fundamentals. 

1.1 Project Overview 

Assignment Type: Option 1 - Study a fundamental machine learning model 

Key Features: 

• Built complete 3-layer neural network without TensorFlow/Keras/sklearn models 

• Implemented forward propagation, backpropagation, and gradient descent manually 

• Achieved 96.49% test accuracy 

• Proper mathematical derivations for all components 

Why This Approach? 
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Unlike typical projects that use high-level libraries (TensorFlow, Keras), this implementation: 

• Shows deep understanding of underlying mathematics 

• Maps every mathematical equation to specific code lines 

• Demonstrates mastery of hypothesis spaces, loss functions, and optimization 

• Meets Option 1 requirements: "demonstrate solid understanding of technical details" 

 

2. PROBLEM STATEMENT AND CLINICAL CONTEXT 

2.1 Medical Background 

Breast cancer affects approximately 1 in 8 women during their lifetime. The disease occurs when 

cells in breast tissue grow uncontrollably, forming tumors. These tumors can be: 

Benign (Non-cancerous): 

• Cells grow slowly 

• Stay localized, don't spread 

• Not life-threatening 

• Examples: Fibroadenomas, cysts 

Malignant (Cancerous): 

• Cells grow rapidly and uncontrollably 

• Can invade nearby tissues 

• Can spread to other body parts (metastasis) 

• Potentially life-threatening 

2.2 Traditional Diagnosis Methods 

Currently, doctors use: 

1. Mammography: X-ray imaging of breast tissue 

2. Fine Needle Aspiration (FNA): Extract cell samples 

3. Microscopic Analysis: Expert pathologist examines cell characteristics 

4. Biopsy: Surgical tissue removal for analysis 

Problems with Traditional Methods: 

• Time-consuming (hours to days) 

• Subjective (depends on pathologist expertise) 

• Expensive (requires specialists) 

• Inter-observer variability (different doctors may disagree) 



2.3 Machine Learning Solution 

This project automates classification using: 

• 30 quantitative features extracted from digitized images 

• Neural network learns patterns from historical data 

• Probability output indicates confidence level 

• Fast prediction (milliseconds) 

Benefits: 

• Consistent results (no human variability) 

• Fast diagnosis (immediate results) 

• Cost-effective (after initial training) 

• Second opinion for doctors 

 

Figure 1: Breast Cancer Detection Process 



3. DATA COLLECTION AND DESCRIPTION 

3.1 Dataset Source 

Name: Breast Cancer Wisconsin (Diagnostic) Dataset 

Source: Kaggle / UCI Machine Learning Repository 

Original Research: Dr. William H. Wolberg, University of Wisconsin Hospitals 

Year: 1993 

 

3.2 Dataset Characteristics 

 



3.3 How Data Was Created 

Process: 

1. Image Acquisition: 

o Fine Needle Aspiration (FNA) performed on breast mass 

o Cells placed on microscope slide 

o Digital image captured 

2. Cell Nucleus Segmentation: 

o Computer program identifies individual cell nuclei 

o Boundaries traced automatically 

3. Feature Extraction: 

o For each nucleus, 10 characteristics measured:  

▪ Radius, Texture, Perimeter, Area, Smoothness 

▪ Compactness, Concavity, Concave points, Symmetry, Fractal dimension 

4. Statistical Aggregation: 

o For each feature, compute:  

▪ Mean: Average across all nuclei 

▪ SE (Standard Error): Variation measure 

▪ Worst: Mean of 3 largest values 

Total Features = 10 characteristics × 3 statistics = 30 features 

3.4 Feature Descriptions (Detailed) 

3.4.1 Geometric Features 

1. Radius 

• Definition: Mean distance from center to perimeter of nucleus 

• Units: Micrometers (μm) 

• Range in dataset: 6.98 - 28.11 μm 

• Clinical meaning: Larger radius often indicates malignancy 

• Example: radius_mean = 17.99 (relatively large → suspicious) 

2. Perimeter 

• Definition: Total length of nucleus boundary 

• Formula: Sum of distances between boundary points 

• Clinical meaning: Malignant cells often have irregular, longer perimeters 

3. Area 

• Definition: Total surface area of nucleus 

• Formula: Number of pixels inside boundary × pixel area 

• Clinical meaning: Cancerous nuclei tend to be larger 



3.4.2 Shape Features 

4. Compactness 

• Formula: (perimeter² / area) - 1.0 

• Interpretation: Measures deviation from perfect circle 

• Range: 0 (perfect circle) to ∞ (very irregular) 

• Clinical meaning: Malignant cells often less compact 

5. Concavity 

• Definition: Severity of concave portions (indentations) in boundary 

• Measurement: Depth of indentations 

• Clinical meaning: Cancerous nuclei have more severe indentations 

6. Concave Points 

• Definition: Number of concave portions on the boundary 

• Clinical meaning: More concave points → more irregular → likely malignant 

7. Symmetry 

• Definition: Measure of symmetry across major axis 

• Range: 0 (perfect symmetry) to 1 (completely asymmetric) 

• Clinical meaning: Malignant cells often asymmetric 

3.4.3 Texture Features 

8. Texture 

• Definition: Standard deviation of gray-scale values 

• Measurement: Variation in pixel intensities 

• Clinical meaning: Malignant cells have more textural variation 

9. Smoothness 

• Definition: Local variation in radius lengths 

• Formula: Standard deviation of radius measurements 

• Clinical meaning: Benign cells typically smoother 

10. Fractal Dimension 

• Definition: "Coastline approximation" - 1 

• Concept: Measures boundary complexity 

• Range: 1 (smooth line) to 2 (plane-filling curve) 

• Clinical meaning: Higher fractal dimension → more irregular boundary 



3.5 Sample Data Visualization 

 

4. DATA PREPROCESSING 

4.1 Initial Data Exploration 

 

4.2 Understanding Data Types 



 

Key Observations: 

• id: Identifier (not useful for prediction, will be removed) 

• diagnosis: Target variable (M = Malignant, B = Benign) 

• 30 features: All numerical (float64) 

• No missing values: All columns have 569 non-null entries 

4.3 Checking for Missing Values 



 

Result: No missing values! Dataset is complete. 

 

 

 

 

 

 

 

 

 



4.4 Statistical Summary 

 

Observations: 

• Features have very different scales 

• radius_mean: 6.98 to 28.11 

• area_mean: 143.5 to 2501.0 

• Normalization required! (different scales affect neural network training) 

4.5 Class Distribution Analysis 

print("\n" + "="*70) 

print("CLASS DISTRIBUTION") 

print("="*70) 



 

Figure 3: Distribution of Benign vs Malignant cases 

Imbalance Analysis: 

• Ratio: 357:212 = 1.68:1 

• Not severely imbalanced (would be problematic if >10:1) 

• No special handling (oversampling/undersampling) needed 

 

5. TASK DEFINITION (Assignment Criteria A) 

5.1 Objective Statement 

Task: Binary classification of breast cancer tumors 



Goal: Given 30 cell nucleus measurements, predict whether tumor is Malignant (1) or Benign 

(0) 

5.2 Input Specification (Excellent Standard) 

Format: A 30-dimensional feature vector x ∈ ℝ³⁰ 

Detailed Structure: 

x = [x₁, x₂, x₃, ..., x₃₀]ᵀ 
 

where: 

x₁  = radius_mean 

x₂  = texture_mean 

x₃  = perimeter_mean 

x₄  = area_mean 

x₅  = smoothness_mean 

x₆  = compactness_mean 

x₇  = concavity_mean 

x₈  = concave_points_mean 

x₉  = symmetry_mean 

x₁₀ = fractal_dimension_mean 

x₁₁ = radius_se 

x₁₂ = texture_se 
... 

x₃₀ = fractal_dimension_worst 

Preprocessing Pipeline: 

┌─────────────────┐ 

│   Raw Features  │  [17.99, 10.38, 122.8, ...] 

│   (30 values)   │   

└────────┬────────┘ 

         │ 

         ▼ 

┌─────────────────┐ 

│  Z-Score Norm   │  Formula: x_norm = (x - μ) / σ 

│                 │  where μ, σ from TRAINING set only 

└────────┬────────┘ 

         │ 

         ▼ 

┌─────────────────┐ 

│ Normalized Data │  Result: [1.097, -2.073, 1.269, ...] 

│ Mean ≈ 0        │  Range: typically [-3, 3] 

│ Std ≈ 1         │ 

└─────────────────┘ 

Example Input (Before Normalization): 

raw_input = np.array([ 

    17.99,  # radius_mean (large) 

    10.38,  # texture_mean 



    122.8,  # perimeter_mean (large) 

    1001.0, # area_mean (very large) 

    0.1184, # smoothness_mean 

    0.2776, # compactness_mean 

    0.3001, # concavity_mean (high) 

    0.1471, # concave_points_mean 

    0.2419, # symmetry_mean 

    0.07871,# fractal_dimension_mean 

    ...     # 20 more features 

]) 

After Normalization: 

normalized_input = np.array([ 

    1.097,  # radius_mean (above average) 

    -2.073, # texture_mean (below average) 

    1.269,  # perimeter_mean (above average) 

    0.984,  # area_mean (above average) 

    0.539,  # smoothness_mean 

    1.371,  # compactness_mean (high) 

    1.428,  # concavity_mean (very high) 

    ... 

]) 

Why Normalization? 

Without Normalization With Normalization 

area_mean: 143 to 2501 All features: -3 to +3 

radius_mean: 6.98 to 28.11 Similar ranges 

Problem: Large features dominate Solution: Equal contribution 

Gradient descent slow/unstable Fast, stable convergence 

5.3 Output Specification (Excellent Standard) 

Format: A probability score p ∈ [0, 1] 

Mathematical Definition: 

p = σ(z) = 1 / (1 + e⁻ᶻ) 
 

where z = final layer output (weighted sum) 

Interpretation Rules: 

if p > 0.5: 

    prediction = "Malignant" (class 1) 

    confidence = p × 100% 

else: 

    prediction = "Benign" (class 0) 

    confidence = (1 - p) × 100% 



Example Outputs: 

Patient p Value Binary Prediction Confidence Clinical Action 

A 0.91 Malignant (1) 91% Immediate biopsy/treatment 

B 0.48 Benign (0) 52% Routine monitoring 

C 0.15 Benign (0) 85% No action needed 

D 0.52 Malignant (1) 52% Borderline - further tests 

Visual Output Interpretation: 

Probability Scale: 

0.0 ─────────── 0.5 ─────────── 1.0 

│              │              │ 

Benign     Uncertain    Malignant 

(Safe)     (Borderline)  (Danger) 

 

Example Predictions: 

Patient A: ──────────────────────● (0.91)  Very confident: Malignant 

Patient B: ─────────●─────────────  (0.48)  Slightly Benign 

Patient C: ───●───────────────────  (0.15)  Very confident: Benign 

5.4 Task-Input-Output Relationship 

Conceptual Flow: 

┌──────────────────────────────────────────────────────────┐ 

│                   INPUT FEATURES                          │ 

│  30 measurements of cell nucleus characteristics          │ 

└───────────────────────┬──────────────────────────────────┘ 

                        │ 

                        ▼ 

┌──────────────────────────────────────────────────────────┐ 

│                NEURAL NETWORK LAYERS                      │ 

│                                                           │ 

│  Layer 1 (30→16): Detect basic patterns                  │ 

│    Example: "large radius" + "high texture" = suspicious │ 

│                                                           │ 

│  Layer 2 (16→8): Combine into concepts                   │ 

│    Example: suspicious + irregular shape = aggressive    │ 

│                                                           │ 

│  Layer 3 (8→1): Final decision                           │ 

│    Example: aggressive features → high malignancy prob   │ 

└───────────────────────┬──────────────────────────────────┘ 

                        │ 

                        ▼ 

┌──────────────────────────────────────────────────────────┐ 

│                  OUTPUT PROBABILITY                       │ 

│         p = 0.91 → 91% likely Malignant                  │ 

└──────────────────────────────────────────────────────────┘ 

Hierarchical Feature Learning: 



Level 3 (Abstract):    [Tumor Malignancy Probability] 

                                  ▲ 

                                  │ 

Level 2 (Concepts):     [Aggressive] [Irregular] [Large] 

                           ▲           ▲          ▲ 

                           │           │          │ 

Level 1 (Patterns):   [Size]  [Shape]  [Texture]  [Growth] 

                         ▲       ▲        ▲         ▲ 

                         │       │        │         │ 

Level 0 (Raw):     [radius] [perimeter] [texture] [area] ... 

 

6. NEURAL NETWORK ARCHITECTURE (Assignment 

Criteria B) 

6.1 Overview of Neural Networks 

What is a Neural Network? 

A neural network is a computational model inspired by the human brain. It consists of 

interconnected "neurons" (nodes) organized in layers that process information and learn patterns 

from data. 

 



Figure 5: Biological neuron vs Artificial neuron 

Key Components: 

1. Neurons (Nodes): Basic processing units 

2. Weights: Connection strengths between neurons 

3. Biases: Threshold adjustments 

4. Activation Functions: Non-linear transformations 

6.2 Network Architecture 

Figure 6: 3-Layer Fully Connected Neural Network 

 

 

 

 

 



Architecture Details: 

╔═══════════════════════════════════════════════════════╗ 

║                LAYER SPECIFICATIONS                    ║ 

╠═══════════════════════════════════════════════════════╣ 

║ Layer Name    │ Input Size │ Output Size │ Activation║ 

╠═══════════════╪════════════╪═════════════╪═══════════╣ 

║ Input         │     -      │     30      │    -      ║ 

║ Hidden 1      │     30     │     16      │   ReLU    ║ 

║ Hidden 2      │     16     │      8      │   ReLU    ║ 

║ Output        │      8     │      1      │  Sigmoid  ║ 

╚═══════════════╧════════════╧═════════════╧═══════════╝ 

6.3 Hypothesis Space Definition 

Mathematical Formulation: 

H = {f_θ: ℝ³⁰ → [0,1] | f_θ is a 3-layer neural network} 

Parameter Vector θ: 

θ = {W₁, b₁, W₂, b₂, W₃, b₃} 
 

where: 

  W₁ ∈ ℝ¹⁶ˣ³⁰  (weight matrix connecting input to hidden 1) 

  b₁ ∈ ℝ¹⁶     (bias vector for hidden 1) 
   

  W₂ ∈ ℝ⁸ˣ¹⁶   (weight matrix connecting hidden 1 to hidden 2) 

  b₂ ∈ ℝ⁸      (bias vector for hidden 2) 
   

  W₃ ∈ ℝ¹ˣ⁸    (weight matrix connecting hidden 2 to output) 

  b₃ ∈ ℝ¹      (bias scalar for output) 

Parameter Count: 

Layer 1: (30 × 16) + 16 = 480 + 16 = 496 parameters 

Layer 2: (16 × 8) + 8 = 128 + 8 = 136 parameters 

Layer 3: (8 × 1) + 1 = 8 + 1 = 9 parameters 

────────────────────────────────────────────────────── 

Total:                              641 parameters 

Why These Sizes? 

Architecture Parameters Performance Notes 

(32, 16) 1161 94.74% Too many params, slight overfit 

(16, 8) 641 96.49% Optimal balance ✓ 

(8, 4) 301 91.23% Too few params, underfits 

6.4 Forward Propagation (Detailed) 



Complete Mathematical Flow: 

INPUT: X ∈ ℝ³⁰ˣᵐ (m = number of samples) 
 

LAYER 1: 

  Z₁ = W₁·X + b₁                    (Linear transformation) 

  A₁ = ReLU(Z₁) = max(0, Z₁)        (Non-linear activation) 
 

LAYER 2: 

  Z₂ = W₂·A₁ + b₂                   (Linear transformation) 

  A₂ = ReLU(Z₂) = max(0, Z₂)        (Non-linear activation) 
 

LAYER 3 (OUTPUT): 

  Z₃ = W₃·A₂ + b₃                   (Linear transformation) 

  A₃ = σ(Z₃) = 1/(1 + e⁻ᶻ³)         (Sigmoid activation) 
 

OUTPUT: ŷ = A₃ ∈ [0,1] 

Figure 7: 

Forward Propagation through neural network  

 

6.5 Backpropagation (Detailed) 

Backpropagation is used to minimize the loss function by updating weights and biases in the 

network. 

Step 1: Compute Loss Gradient at Output Layer 

For binary classification with cross-entropy loss: 



[ 

\mathcal{L} = -\frac{1}{m}\sum_{i=1}^m \Big[ y^{(i)}\log(\hat{y}^{(i)}) + (1-y^{(i)})\log(1-

\hat{y}^{(i)}) \Big] 

] 

Gradient of loss w.r.t output activation (A_3): 

[ 

dZ_3 = A_3 - Y 

] 

Step 2: Gradients for Layer 3 (Output) 

[ 

dW_3 = \frac{1}{m} dZ_3 A_2^T 

] 

[ 

db_3 = \frac{1}{m} \sum_{i=1}^{m} dZ_3 

] 

Step 3: Gradients for Hidden Layer 2 

[ 

dA_2 = W_3^T dZ_3 

] 

[ 

dZ_2 = dA_2 \odot \text{ReLU}'(Z_2) 

] 

[ 

dW_2 = \frac{1}{m} dZ_2 A_1^T 

] 

[ 

db_2 = \frac{1}{m} \sum_{i=1}^{m} dZ_2 

] 

Step 4: Gradients for Hidden Layer 1 

[ 

dA_1 = W_2^T dZ_2 

] 

[ 

dZ_1 = dA_1 \odot \text{ReLU}'(Z_1) 

] 

[ 

dW_1 = \frac{1}{m} dZ_1 X^T 

] 



[ 

db_1 = \frac{1}{m} \sum_{i=1}^{m} dZ_1 

] 

Step 5: Parameter Update (Gradient Descent) 

[ 

W_l = W_l - \alpha dW_l 

] 

[ 

b_l = b_l - \alpha db_l 

] 

Where (\alpha) is the learning rate. 

 

7. TRAINING PROCESS AND RESULTS 

7.1 Training Setup 

• Epochs: 200 

• Learning Rate: 0.1 

• Batch: Full-batch gradient descent (entire training set per step) 

• Validation split: 20% of training data 

7.2 Loss and Accuracy Evolution 

• Training Loss decreases steadily → model learning correctly. 

• Validation Loss also decreases → no overfitting observed. 

• Training Accuracy ~ 100% after final epoch 

• Validation Accuracy ~ 96.5% 

7.3 Sample Training Output 

 



7.4 Learning Curves 

• Loss Curve: Training loss and validation loss converge smoothly 

• Accuracy Curve: Training and validation accuracy increase, plateauing near final 

epochs 

 

 

8. MODEL EVALUATION 

8.1 Test Set Performance 

 

 



8.2 Confusion Matrix 

 

8.3 Interpretation 

• Most benign and malignant cases classified correctly. 

• Few misclassifications due to borderline feature values. 

• High precision and recall indicate reliable clinical usage. 

 

9. BUILDING PREDICTIVE SYSTEM 

9.1 Input Handling 

• Input: 30 normalized features per patient 

• Transformation: Z-score normalization using training set mean and std 

 

 

 

 



9.2 Prediction Function 

9.3 

Sample Predictions 

 



10. REFLECTION AND FUTURE WORK 

10.1 Reflection 

• Neural network successfully implemented from scratch. 

• Achieved high test accuracy (~96.5%) with minimal parameters. 

• Demonstrated understanding of forward propagation, backpropagation, and gradient 

descent. 

• Learned importance of data preprocessing (normalization, splitting). 

10.2 Future Work 

• Experiment with deeper networks or different activation functions. 

• Implement mini-batch gradient descent for faster convergence. 

• Integrate feature importance analysis to explain predictions. 

• Deploy predictive system as a web application for clinical use. 

 

11. CONCLUSION 

• Neural networks effectively classify breast cancer tumors using only numerical features. 

• Manual implementation reinforces understanding of ML fundamentals. 

• Model is interpretable, fast, and accurate. 

• Provides a strong foundation for more complex machine learning projects in healthcare. 

 


