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Abstract: Brain tumors pose a significant challenge in medical diagnostics and treatment due to their heterogeneous nature
and complex growth patterns. Recent advances in machine learning (ML) have enhanced traditional modeling approaches
by incorporating data-driven predictions and adaptive learning. This article explores machine learning-enhanced models
for brain tumors, focusing on mathematical equations that describe tumor growth and ML techniques used for prediction
and classification. We present detailed mathematical models, including diffusion-reaction equations and tumor segmentation
approaches, and conclude with a Python-based example of logistic regression-based classification using only NumPy.
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L INTRODUCTION critical for timely treatment. Traditional approaches rely

heavily on MRI and radiologist expertise. However,

Brain tumors are abnormal growths within the brain or integrating ML with mathematical modeling has enhanced
central nervous system, and they can be malignant or benign. prediction accuracy and treatment planning [1,2].

Accurate diagnosis and prediction of tumor behavior are
IL MATHEMATICAL MODELS OF BRAIN TUMOR GROWTH

A. Diffusion-Reaction Equation
One of the most widely accepted models for tumor growth is the reaction-diffusion model, defined as:

aC (x,t C(x,t
g = DV32C(x.,t) + pC(x,t)(1 — {7:):
ot K
Where:
= C(x,t): Tumor cell density at position x and time ¢
= I Diffusion coefficient
= p: Proliferation rate
= K Carrying capacity
This PDE captures the balance between diffusion and B. Anisotropic Diffusion
logistic growth [3-5]. Brain tissue properties cause tumor spread to vary with
direction. Anisotropic diffusion accounts for white matter
tracts:
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This model better reflects real MR image data [6-8].

1.

MACHINE LEARNING FOR BRAIN TUMOR CLASSIFICATION

A. Logistic Regression

Logistic regression is commonly used for binary tumor classification (e.g., malignant vs. benign). The hypothesis function is:

1
ho(z) = T
Loss function (cross-entropy):
1 m . - .
a0)=--% {y{” log(he(2")) + (1 - 3) log(1 - he(z))
i=1
» Gradient Descent Updates:
6:=6—aV.J()

Where « is the learning rate [9-11].

B. Neural Networks
Deep learning models such as CNNs are used for MRI-
based classification and segmentation. They automatically
extract spatial features [12—15].
Iv. INTEGRATION OF ML WITH
MATHEMATICAL MODELS

Recent research has proposed hybrid models that
integrate differential equations and neural networks.
Examples include physics-informed neural networks
(PINNs), where loss functions enforce PDE constraints [16—
18].

» Python Implementation: Logistic Regression for Brain
Tumor Classification
Below is an example using NumPy for binary
classification of synthetic tumor data (e.g., benign vs.
malignant). We simulate two features: intensity and
size.(Figure 1)

import numpy as np
import matplotlib.pyplot as plt

# Generate synthetic data
np.random.seed(0)
n_samples = 100
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X1 =np.random.normal(1.5, 0.5, n_samples)

X2 =np.random.normal(2.0, 0.5, n_samples)

X =np.column_stack((X1, X2))

y= (X1 + X2 > 3.8).astype(int) # If sum > threshold, label
as malignant

# Add bias term
X =np.c_[np.ones(X.shape[0]), X]

# Sigmoid function
def sigmoid(z):
return 1/ (1 + np.exp(-z))

# Loss function
def compute loss(X, y, theta):

m = len(y)

h = sigmoid(X @ theta)

return -np.mean(y * np.log(h + 1e-8) + (1 - y) * np.log(1 -
h + 1e-8))

# Gradient descent
def gradient descent(X, y, alpha=0.1, epochs=1000):
theta = np.zeros(X.shape[1])
for _in range(epochs):
gradient = X.T @ (sigmoid(X @ theta) - y) / len(y)
theta -= alpha * gradient

2719


https://doi.org/10.38124/ijisrt/25apr1680
http://www.ijisrt.com/

Volume 10, Issue 4, April — 2025
ISSN No:-2456-2165
return theta

# Train model
theta opt = gradient descent(X, y)

# Predict
preds = sigmoid(X @ theta_opt) >= 0.5

# Accuracy
accuracy = np.mean(preds == y)
print(f"Accuracy: {accuracy * 100:.2f}%")

# Visualization
plt.scatter(X1, X2, c=y, cmap="bwr', label='Ground Truth")

plt.xlabel('Intensity")
plt.ylabel('Size")
plt.title('Brain Tumor Classification (Synthetic)')
plt.grid(True)
plt.show()
V. CONCLUSION

Mathematical modeling and machine learning form a
powerful hybrid to understand, diagnose, and predict brain
tumor progression. Mathematical equations provide
biological interpretability, while ML techniques offer robust
prediction and real-time learning capabilities. Future work
should focus on personalized hybrid models integrating real
patient data and spatial-temporal learning.
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Fig 1: Brain Tumor Classification(Synthetic)
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