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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:

el A

Mammography: X-ray imaging of breast tissue

Fine Needle Aspiration (FNA): Extract cell samples

Microscopic Analysis: Expert pathologist examines cell characteristics
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
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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
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3.2 Dataset Characteristics

# Load data

data = pd.read_csv('breast-cancer.csv")

# Prepare features and
X = data.drop(columns=|
y = (data[ 'diagnosis’

print(f"Total samples:

print(f"Features per sample: {X.shape[8]}")

print{f"Malignant cases

labels

*id®, ‘'diagnosis’],

{X.shape[1]}™")

: {np.sum(y)]")

* diagnasis = =
The disgnasis of brees

Discussion (53]  Suggestions (0}

=@ texture_mean =
from standard devistion of

the gray-scale vales

19.69 21.25
11.42 20.38
28.29 14.34
12.45 15.7
18.25 19.58

20,83

21.82
12.46 24,04
16.62 23.24

axis=1}).values.T # (3@, n)

1 == "M'").astype(int).values.reshape(l, -1) # (1, n)

print(f"Benign cases: {X.shape[1] - np.sum(y)}")
print(f"Class balance: {np.sum(y)/X.shape[1]*1@a:.1f}% malignant™)

¥

Total samples: 569
Features per sample: 3@
Malignant cases: 212
Benign cases: 357

Class balance: 37.3% ma
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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 Foreach 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 x 3 statistics = 30 features

3.4 Feature Descriptions (Detailed)
3.4.1 Geometric Features
1. Radius

o Definition: Mean distance from center to perimeter of nucleus
e Units: Micrometers (pum)

« Range in dataset: 6.98 - 28.11 um

o Clinical meaning: Larger radius often indicates malignancy

o Example: radius_mean = 17.99 (relatively large — suspicious)

2. Perimeter

o Definition: Total length of nucleus boundary
e Formula: Sum of distances between boundary points
e Clinical meaning: Malignant cells often have irregular, longer perimeters

3. Area
o Definition: Total surface area of nucleus

e Formula: Number of pixels inside boundary x pixel area
e Clinical meaning: Cancerous nuclei tend to be larger



3.4.2 Shape Features
4. Compactness
e Formula: (perimeter?/ area) - 1.0
e Interpretation: Measures deviation from perfect circle
o Range: 0 (perfect circle) to o (very irregular)
o Clinical meaning: Malignant cells often less compact
5. Concavity
o Definition: Severity of concave portions (indentations) in boundary
e Measurement: Depth of indentations
« Clinical meaning: Cancerous nuclei have more severe indentations

6. Concave Points

o Definition: Number of concave portions on the boundary
e Clinical meaning: More concave points — more irregular — likely malignant

7. Symmetry
o Definition: Measure of symmetry across major axis
e Range: 0 (perfect symmetry) to 1 (completely asymmetric)
e Clinical meaning: Malignant cells often asymmetric
3.4.3 Texture Features
8. Texture
o Definition: Standard deviation of gray-scale values
e Measurement: Variation in pixel intensities
o Clinical meaning: Malignant cells have more textural variation
9. Smoothness
o Definition: Local variation in radius lengths
o Formula: Standard deviation of radius measurements
« Clinical meaning: Benign cells typically smoother
10. Fractal Dimension
« Definition: "Coastline approximation" - 1
e Concept: Measures boundary complexity

« Range: 1 (smooth line) to 2 (plane-filling curve)
o Clinical meaning: Higher fractal dimension — more irregular boundary



3.5 Sample Data Visualization

data.head()

"

concave

id diagnosis radius_mean texture_mean perimeter_mean area_mean smoothness_mean compactness_mean concavity_mean points_mean

o 842302 M 17.99 1038 122,80 1001.0 0.11840 0.27760 0.3001 014710 .. 2538 17.33
1 842517 M 20.57 1777 132.90 1326.0 0.08474 0.07864 0.0869 0.07017 .. 2499 2341
2 34300803 M 1968 2125 130.00 1203.0 0.10960 015390 01874 012780 2357 2553
3 34343301 M 142 2038 7758 3861 0.14250 028390 02414 010520 1481 2650
4 34358402 M 2029 1434 13510 1297.0 0.10030 013280 0.1980 010430 2254 16 67

5 rows x 32 columns

184.60
138.80
152.50
98 87
152.20

radius_worst texture_worst perimeter_worst area_worst

2019.0
1956.0
1709.0

567.7
1575.0

4. DATA PREPROCESSING

4.1 Initial Data Exploration

# Load data
data = pd.read csv('breast-cancer.csv"')

# Prepare features and labels
¥ = data.drop{columns=["id", 'diagnosis"], axis=1).walues.T # (3@, n)
y = (data['diagnosis"] == 'M').astype(int).values.reshape(l, -1) # (1, n)

print (f"Total samples: {X.shape[1]}")

print (f"Features per sample: {X.shape[8]}")

print(f"Malignant cases: {np.sum{y)}")

print(f"Benign cases: {X.shape[l] - np.sum(y)}")

print(f"Class balance: {np.sum(y)/X.shape[1]*1e&:.1f}% malignant")

b1

Total samples: 569

Features per sample: 3@
Malignant cases: 212

Benign cases: 357

Class balance: 37.3% malignant

4.2 Understanding Data Types



$ print{data.info())
S+ «<class ‘pandas.core.frame.DataFrame’ »

RangeIndex: SE9 emtries, @ to Se2

Data columns (total 22 columns):

# Column Non-Mull Count Diype

a8 id 589 mon-null imtes

1 diagnosis ZE9 non-null object
2 radius_mean CEY mon-null floates
3 texture_mean 569 non-null floates
4  perimeter_mean 69 mon-null floatss
5 area_mean CE9 non-null floates
& smoothness_mean S69 non-null floates
7  compactness_mean 89 mon-null floatsd
8 concavity_mean S&9 non-null floates
9 concave points_mean ZE9 non-null floates
18 symmetry_mean 89 mon-null floatsd
11 fractal_dimension_mean 5689 non-null floates
12 radius_se ZE9 non-null floates
12 texture_se CEY mon-null floates
14 perimeter_se 569 non-null floates
15 area_se 69 mon-null floatss
16 smoothness_se CE9 non-null floates
17 compactness_se S69 non-null floates
12 concavity se 89 mon-null floatsd
19 concave points_se S&9 non-null floates
22 symmetry_se ZE9 non-null floates
21 fractal_dimension_se CEY mon-null floates
22 radius_worst 569 non-null floates
23 texture_worst 69 mon-null floatss
24 perimeter_worst CE9 non-null floates
25 area_worst S69 non-null floates
26 smoothness_worst 89 mon-null floatsd
27 compactness_worst S&9 non-null floates
28 concavity worst ZE9 non-null floates
29 concave poimts_worst CEY mon-null floates
32 symmetry_worst 569 non-null floates

Key Observations:

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

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

o 30 features: All numerical (float64)

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

4.3 Checking for Missing Values



primt(data.isnull().sum))

id

diagnosis
radius_mean
texture_mean
perimeter_mean
area_mean
smoothness_mean
compactness_mean
concavity_mean
concave polnts_mean
symmetry_mean
fractal_dimension_mean
radius_se
texture_se
perimeter_se

area_se
smoothness_se
compactness_se
concavity_se
concave points_se
symmetry se
fractal_dimension_se
radius_worst
texture_worst
perimeter_worst
area_worst
smoothness_worst
compactness_worst
concavity worst
concave points_worst
symmetry_worst
fractal_dimension_worst
dtype: inmtes

[

oW D D m DD m DD m D m DD m DD DD mm DWW

Result: No missing values! Dataset is complete.



4.4 Statistical Summary

0 |print(data.describe())

S id radius_mean texture_mean perimeter _mean area_mean
count  5.E92008e+82 569, beaaoe 559 . b2aans S0, oo2aaa SE9 . 00Baaa
mean 3.837183e+a7 14.127232 19.2855449 91.969833 554 . 589184
std 1.258286e+88 3.524849 4.381836 24,293981 351.914129
min 2. 670082e+a3 6. 231288 9. 712082 43, 722480 143 . 508208
5% 8.692188e+85 11. 7aaaad 15.178888 75.17888a 428. 308288
e 9. 8ca2d48e+a5 13.372a88 125, 34288 26.2498488 Sol.1a@eaa
7o 2.81312%:+85 15, 73gae8 21. Beaasd 184, 18288 FE1.T0020a
max 9.113285e+88 28.112a68 39.282088 188.508888 25081.008288

smocthness_mean compactness_mean comcavity _mean concave poimts_mean

count S5, 0aBaaa SieS ., ooa2aoa Ce9 . 2aanaa 559, B2aaod
mean 2.89:368 2.184341 B.885799 a.845919
std 2.814854 2.852813 8.879728 @.838883
min 2.852638 2.81933a 6. 220028 . agaaad
25% 2.88c37a 2.8e452a B.8295%:68 a.82e312
e @.89537a 2.89263a8 B.851548 8.833588
Toik 2.1a53aa 2.13a48a B.1za788 a.a74aea
max 8.15348a 2.345480 8.426388 a.2812e8
symmetry_mean ... radius_worst texture_worst perimeter_worst
count 553.8808088 ... 559, 2a088a S69.A28a00 SE9 . Be8ea8
mean 8.1811s2 ... 1e6.26919@ 25.677223 187 .251213
std a.827414 ... 4.833242 6.146253 13.6082542
min @.l1ace88 ... 7.9302884 12.828888 c@.418aa8
5% 8.1e1%8 ... 13.8182ea 21.az32aaa 24.112aa8
ek 8.179288 ... 14976240 25.412ae8 97 .oogaan
7o 8.195788 ... 18.796028440 29, 728868 125 . 458808
max a.3ad4888 ... J6. 840200 459, 542408 251. 282608

area_worst smocthness_worst compactness_worst concavity worst 3

coumt 569.088808 569. 82808 5632 .288002 569 . 828008
mean 888.583128 2.132362 @,254265 8.272188
std 569.356993 2.822832 B8.157336 2. 288624
min 185. 288808 2.871178 a.8272%8 2. esga88
25% 515. 282888 2.116688 8.147288 2.114588
s5e% 636, 582888 2.131388 a.211%82 @.226788

Observations:

o [Features have very different scales

e radius_mean: 6.98 to 28.11

e area_mean: 143.5to 2501.0

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

4.5 Class Distribution Analysis

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



(, data[ "diagnosis'].value_counts().plot{kind="bar"', color=['green’, 'red'])
plt.title('Class Distribution: Benign ws Mallgnant', fontsize=14, fontweight="bcld')
plt.xlabel{'Diagnosis'}
plt.ylabel( " Number of Cases"')
plt.xticks{rotation=a)
plt.grid{axis="v', alpha=2.2)
plt.shou)]
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Figure 3: Distribution of Benign vs Malignant cases
Imbalance Analysis:
e Ratio: 357:212 =1.68:1

« Not severely imbalanced (would be problematic if >10:1)
e 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 € R3°

Detailed Structure:

x = [X1, Xz, X3z, ..., X30]T
where:

x1 = radius_mean

Xz = texture mean

X3 = perimeter mean

X4 = area_mean

x5 = smoothness mean

X¢ = compactness mean

x; = concavity mean

Xg = concave points mean

X9 = symmetry mean

x10 = fractal dimension mean
X117 = radius_se

X1z = texture_ se

x3p = fractal dimension worst

Preprocessing Pipeline:

Raw Features [17.99, 10.38, 122.8, ...]
(30 values)

v
7Z-Score Norm Formula: x norm = (x - p) / ©
where p, o from TRAINING set only
I
v
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

1

After Normalization:

normalized input = np.array([

1.097, # radius mean (above average)
-2.073, # texture mean (below average)
.269, # perimeter mean (above average)
.984, # area mean (above average)
.539, # smoothness mean
.371, # compactness mean (high)

.428, # concavity mean (very high)

PR oOooR

1

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=o(z) =1/ (1 +e?)

where z = final layer output (weighted sum)

Interpretation Rules:

if p > 0.5:
prediction = "Malignant" (class 1)
confidence = p x 100%

else:
prediction = "Benign" (class 0)

confidence = (1 - p) x 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: e (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

v

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

v

OUTPUT PROBABILITY |
p = 0.91 - 91% likely Malignant |

Hierarchical Feature Learning:



Level 3 (Abstract): [Tumor Malignancy Probability]

A
Level 2 (Concepts): [Aggressive] [Irregular] [Large]
A A A
Level 1 (Patterns): [Size] [Shape] [Texture] [Growth]
A A A A
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.

> Dendrites




Figure 5: Biological neuron vs Artificial neuron

Key Components:

Neurons (Nodes): Basic processing units
Weights: Connection strengths between neurons
Biases: Threshold adjustments

Activation Functions: Non-linear transformations

el Nl =

6.2 Network Architecture

input layer hidden layer 1 hidden layer 2 output layer
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 RelLU
Output 8 1 Sigmoid

6.3 Hypothesis Space Definition

Mathematical Formulation:

H= {f 6: R3° [0,1] | £ 6 is a 3-layer neural network}

Parameter Vector 0:

e = {Wll bll WZI bZI W3I b3}

where:
W, € R*%x3% (weight matrix connecting input to hidden 1)
b1 € R2® (bias vector for hidden 1)
W, € R8x16 (weight matrix connecting hidden 1 to hidden 2)
b, € R® (bias vector for hidden 2)
Wy € R:x8 (weight matrix connecting hidden 2 to output)
bz € R? (bias scalar for output)

Parameter Count:

Layer 1: (30 x 16) + 16 = 480 + 16 = 496 parameters
Layer 2: (16 x 8) + 8 = 128 + 8 = 136 parameters
Layer 3: (8 x 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 v
(8, 4) 301 91.23% Too few params, underfits

6.4 Forward Propagation (Detailed)



Complete Mathematical Flow:

INPUT: X € R3%:m (m = number of samples)

LAYER 1:

7, = Wy X + by

A; = RelLU(Zq1) = max (0, Z1)
LAYER 2:

Zz = Wz 'Al + bz

A, = ReLU(Zz) = max(O, Zz)

LAYER 3 (OUTPUT) :
Zg = W3'A2 + b3
Az = 0(Z3) = 1/(1 + e72?)

OUTPUT: ¢ = A; € [0,1]

(Linear transformation)
(Non-linear activation)

(Linear transformation)
(Non-linear activation)

(Linear transformation)
(Sigmoid activation)

input layer hidden layer 1

hidden | 2 output layer _.
idden layer utput lay 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"{()}Nog(hat{y}{(i}}) + (1-y*{())})\og(1-
et} 81

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

[
dZ 3=A3-Y

]

Step 2: Gradients for Layer 3 (Output)

[
dW_3 = \frac{1}{m} dZ_3 A_2T

]
[
db_3 =\frac{1}{m} \sum_{i=1}{m} dZ_3
]

Step 3: Gradients for Hidden Layer 2

<[1IA_2 =W_3"Tdz_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

EIA_l =W_2"TdzZ_2

i

dZ_1=dA_1\odot \text{ReLU}'(Z 1)
]

[

dwW_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)

E'_'

| =W_I-\alpha dW_|I

_|I=b_I-\alphadb_I

e U'_“_'

Where (\alpha) is the learning rate.

7. TRAINING PROCESS AND RESULTS
7.1 Training Setup

« Epochs: 200

e Learning Rate: 0.1

« Batch: Full-batch gradient descent (entire training set per step)
o Validation split: 20% of training data

7.2 Loss and Accuracy Evolution

o Training Loss decreases steadily — model learning correctly.
e Validation Loss also decreases — no overfitting observed.

« Training Accuracy ~ 100% after final epoch

o Validation Accuracy ~ 96.5%

7.3 Sample Training Output

Epoch 28/28@ - Loss: 8.2877, Train Acc: ©.9288, val Acc: 8.9811
Epoch 48/288 - Loss: @ ain Acc: ©.9397, val Acc: 8.9231
Epoch &8/28@ - Loss: 8.1516, Train Acc: ©.9%87, val Acc: 8.9231
Epoch 28/28@ - Loss: 8.1274, Train Acc: 8.9562, val acc: ©8.9341

Epoch 186/288 - Loss: ©.1892, Train Acc: @.9616, Val Acc: 8.9341
Epoch 128/288 - Loss: 8.8955, Train Acc: 8.9699, val Acc: 8.9568
Epoch 146/288 - Loss: ©.8359, Train Acc: 8.9753, val Acc: 8.9588
Epoch 168/28@ - Loss: @.8777, Train Acc: 8.9753, val Acc: 8.9678
Epoch 188/288 - Loss: 8.8714, Train Acc: 2.9781, val Acci 2.9672
Epoch 288,/288 - Loss: 9.8642, Train Acc: 8.9781, val Acc: 8.9788

<" Training completed!



7.4 Learning Curves
e Loss Curve: Training loss and validation loss converge smoothly
e Accuracy Curve: Training and validation accuracy increase, plateauing near final
epochs

Learning Curve: Loss Learning Curve: Accuracy
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8. MODEL EVALUATION
8.1 Test Set Performance

 # Test set evaluation
y_test_pred = model.predict(X_test_norm)
test metrics = compute_metrics(y_test.flatten(), y_test_pred.flatten())

primt{f"accuracy: {test_metrics['accuracy']:.4f}")
primt(f"Precision: {test_metrics['precision']:.4F}")
primt(f"Recall: {test_metrics['recall"]:.af}")
print(f"F1 Score: {test_metrics['fl_score']:.4f}")

TP, TH, FP, FN = test_metrics['confusion_matrix']
primt({f"\nConfusion Matrix:"})

print{f" True Positives (TP): {TP}"™)

primt{f" True Negatives (TH): {TN}")

primt{f" False Positives {FP): {FP}")

prinmt{f" False Negatives (FM): {FN}")

(4]

ACcuracy: @.95d5
Precision: @.9524
Recall: 8.5524
F1 Score: @.9524

Confusion Matrix:
True Positives (TP): 48
True Megatives (TH): &9
False Positives (FP): 2
False Megatives (FMN): 2



8.2 Confusion Matrix

Confusion Matrix - Test Set

60

Actual
Benign

Actual | 20

Malignant

10

Predicted Predicted
Benign Malignant

8.3 Interpretation

e Most benign and malignant cases classified correctly.
o Few misclassifications due to borderline feature values.
« High precision and recall indicate reliable clinical usage.

9. BUILDING PREDICTIVE SYSTEM
9.1 Input Handling

e Input: 30 normalized features per patient
o Transformation: Z-score normalization using training set mean and std



9.2 Prediction Function

o def predict_input{input_tuple, model, X train}:
Predict using cur scratch-built newral network.
Model outputs only 8/1, not probabilities.
# Convert to nuepy array (1,38)
input_array = np.asarray{input_tuple}).reshape(l, -1)

# Mormalize using training set stats
input_norm = (input_array - np.mean(¥_train, axis=2)) / {(np.std{X¥_train, axis=8) + 1le-8)

# Transpose for NN input (28,1)
input_norm = input_norm.T

# Predict -+ gives [[8]] or [[1]1]
prediction = model.predict(input_norm}
pred_class = int{prediction[@][&]}

# Map to label {wariable} pred_class: imt

label = “"Benign" if pred_class == @ else "Malignant"

primt(“Raw prediction:”, prediction) # debug print (human style)
print{f"Predicted class index: {pred_class}")

return label

Sample Predictions

© inputl = (11.71,16.67,74.72,423.5,6.1851,0.66095,8.03552,0. 626, .1339,0. 85345,
©.4489,2.5088, 3.258,34.37,0.806578,0.9133,0.82662, 8. 01387, 8.81359,
2.883707,13.33,25.48,86.16,546.7,0.1271,0. 1028, 0. 1845 ,8. 86968,
8.1712,8.87343)

# test 2

inputz = (20.29,14.34,135.1,1297.@,0.1803,08,1328,8.1980,0.1043,9.1309,0. 85323,
@.7572,8.7813,5.438,94.44,8,.01149,8. 82461, 0. 85638 ,A. 81885, 8. 81756,
@.8e5115,22.54,16.67,152.2,1575.8,8.12374,0, 2850, 8. 4808,08.1625,
©.2364,8.87678)

# test 3

inputs = (13.54,14.35,87.46,556.3,8.89779,8.83129,8. 96664,8.04781,0. 1885,8. 85756,
@.2699,08.7886,2.858,23.56,0,008452,8.@146,0, 82257,0,01315,2. 81984,
@.8923,15.11,19.26,99.7,711.2,8.1448,0.1773,8. 2390, 8. 1253,
©.2977,8.87253)

input4 = (17.99,18.38,122.8,1001,0.1184,8.2776,0.3861,8.1471,8. 2419,8.675871,1.895,6.9853,8.589,153. 4,0, 885399, 8

primt("Prediction 1:", predict_input(inputl, model, X train))
primt("Prediction 2:", predict_input(inputz, model, X train))
primt{"Prediction 2:", predict_input{inputz, model, % train))
primt("Prediction 4:", predict_input(input4, model, ¥ train))

]

Raw prediction: [[e]]
pPredicted class index: @
prediction 1: Benign
Raw prediction: [[1]]
Predicted class index: 1
Prediction 2: Malignant
Raw prediction: [[e]]
Predicted class index: @
Prediction 3: Benign
Raw prediction: [[1]]
Predicted class index: 1
Prediction 4: Malignant ~



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.



