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Abstract— Cancer remains one of the leading causes of mor-
tality worldwide, and accurate prediction of effective treatment
strategies plays a vital role in improving patient outcomes.
This study focuses on enhancing cancer treatment accuracy
through the analysis of genetic mutation data derived from
the METABRIC RNA and mutation dataset. Machine learn-
ing models such as Random Forest and Logistic Regression
were implemented to identify key genetic and clinical features
influencing treatment decisions. The model was trained and
validated using feature-engineered data, achieving a high accu-
racy rate in predicting optimal treatment outcomes. The results
demonstrate that integrating genomic information with compu-
tational intelligence can significantly assist in selecting precise
therapeutic options, reducing the dependency on generalized
treatment protocols. This approach highlights the potential of
Al-driven analysis in the advancement of personalized cancer
therapy and precision medicine.

[. INTRODUCTION

Cancer is one of the most complex and life-threatening dis-
eases worldwide, accounting for millions of deaths annually.
Despite significant advances in early diagnosis and treatment,
predicting the most effective therapy for each patient remains
a major challenge due to the heterogeneity of cancer at
the genetic and molecular levels. Conventional treatment
approaches often rely on generalized clinical guidelines,
which may not always yield optimal outcomes for individual
patients.

With the growth of genomic technologies and computa-
tional power, machine learning has emerged as a promising
tool for analyzing large-scale biological datasets. By lever-
aging patterns in genetic mutations, RNA expression, and
clinical data, machine learning models can assist in identi-
fying treatment responses and predicting patient outcomes
with greater accuracy.

This research focuses on enhancing cancer treatment accu-
racy through genetic mutation analysis using the METABRIC
RNA and mutation dataset. The study aims to build predictive
models capable of identifying key genetic features that
influence therapeutic effectiveness. The integration of arti-
ficial intelligence in cancer treatment decision-making holds
immense potential for advancing personalized medicine, re-
ducing treatment failures, and improving overall survival
rates.

II. METHODOLOGY

This research utilizes the METABRIC RNA and mutation
dataset, which contains genomic profiles, gene mutations,
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and clinical features of breast cancer patients. The primary
goal is to predict effective cancer treatment strategies by
analyzing genetic and molecular data.

A. Dataset Description

The METABRIC dataset provides a rich source of infor-
mation with patient-level attributes such as gene expression
levels, mutation types, age, tumor stage, and survival status.
An additional feature, “Treatment,” was included to associate
specific gene mutation patterns with the type of therapy
received. This helps in developing a model that learns the
relationship between genomic characteristics and treatment
outcomes.

B. Data Preprocessing

Data preprocessing involved handling missing values, en-
coding categorical data, and normalizing numerical features
to ensure consistency. Irrelevant or redundant attributes were
removed to improve model efficiency. The dataset was then
split into training and testing sets in an 80:20 ratio for model
evaluation.

C. Feature Selection

Feature importance analysis was performed to identify
the most significant genes and clinical attributes that in-
fluence treatment success. Statistical and correlation-based
techniques were used to reduce dimensionality and enhance
prediction accuracy.

D. Model Implementation

Several supervised learning algorithms were implemented,
including Logistic Regression, Random Forest, and Support
Vector Machine (SVM). These models were trained on
the processed dataset to classify treatment outcomes and
recommend effective therapies based on mutation patterns.

E. Model Evaluation

The performance of each model was evaluated using
metrics such as accuracy, precision, recall, Fl-score, and
confusion matrix. Among the tested models, the Random
Forest classifier achieved the highest accuracy, demonstrating
its robustness in handling high-dimensional biological data.

F. Tools and Environment

The experiment was implemented using Python in Google
Colab, utilizing libraries such as pandas, NumPy, scikit-
learn, and matplotlib for data processing, modeling, and
visualization.
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II. RESULTS AND DISCUSSION

The proposed machine learning model was developed and
tested on the METABRIC RNA and mutation dataset with
an additional treatment feature. The dataset was divided
into training and testing sets using an 80:20 ratio to ensure
balanced model evaluation.

A. Model Performance

Among the different classifiers tested, the Random For-
est algorithm achieved the highest accuracy in predicting
effective cancer treatments. Logistic Regression and Support
Vector Machine (SVM) also demonstrated competitive re-
sults but with slightly lower performance. Random Forest
outperformed others due to its ability to handle non-linear
relationships and high-dimensional genomic data.

TABLE I
PERFORMANCE COMPARISON OF MACHINE LEARNING MODELS

Model Accuracy (%) | Precision | Recall | F1-Score
Logistic Regression 82.4 0.80 0.81 0.80
SVM 84.1 0.83 0.82 0.82
Random Forest 88.7 0.87 0.88 0.87

B. Feature Importance

The analysis of feature importance revealed that specific
gene mutation indicators and clinical features such as tu-
mor stage, patient age, and genetic subtype had the most
influence on treatment prediction. This insight highlights the
strong correlation between genetic alterations and therapeutic
response.

C. Result Interpretation

The high prediction accuracy obtained indicates that ma-
chine learning can effectively analyze complex genomic data
to support treatment decision-making. Integrating genetic
mutation information helps to move toward precision oncol-
ogy, where treatment can be personalized based on a patient’s
unique genetic profile.

D. Visualization

Graphical results such as confusion matrices and fea-
ture importance plots were generated to visualize model
performance. These visualizations confirmed the reliability
and consistency of the Random Forest model in predicting
treatment outcomes.

E. G. Mathematical Model

The Random Forest algorithm is an ensemble-based ma-
chine learning technique that combines multiple decision
trees to improve prediction accuracy and reduce overfitting.
It operates on the principle of aggregating predictions from
several base estimators trained on random subsets of data
and features.

Mathematically, the Random Forest prediction for an input
vector X can be expressed as:
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where:

- T — total number of decision trees in the forest,

- h{X) — prediction from the #* decision tree,

- y"— final aggregated prediction.

Each tree A(X) is trained on a bootstrap sample of the
dataset, and at every split, a random subset of features is
selected to determine the best split criterion.

The model aims to minimize the overall classification
error, which can be defined as:
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where I(v) is the indicator function that returns 1 if the
prediction )"; is incorrect and 0 otherwise, and N is the

2

number of samples.

The final decision of the Random Forest is obtained through
**majority voting** (for classification) or **av- eraging** (for
regression), ensuring robustness and higher accuracy.

IV. RESULTS AND DISCUSSION

The Random Forest model was trained and tested using
the preprocessed METABRIC RNA Mutation and Treatment
dataset. The dataset was divided into an 80:20 train-test split
to ensure unbiased evaluation.

A. Model Performance

The performance of the Random Forest model was as-
sessed using key metrics such as Accuracy, Precision, Recall,
and F1-Score. These metrics were computed as follows:

TP +TN

Accuracy = 3)
TP +TN +FP +FN
TP TP
Precision = | Recall=________ (4
TP +FP TP +FN

where:

- TP : True Positives

- TN: True Negatives
- FP: False Positives
- FN: False Negatives

B. Experimental Results

The Random Forest model achieved high accuracy and
strong generalization on unseen data. The following table
summarizes the obtained results:

C. Discussion

The Random Forest model outperformed other baseline
classifiers such as Logistic Regression and SVM due to its
ability to handle complex, non-linear relationships among
genetic and clinical features. The model demonstrated strong
robustness and interpretability, making it suitable for as-
sisting oncologists in treatment planning based on mutation
profiles.
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TABLE II
PERFORMANCE OF RANDOM FOREST MODEL

Metric Value
Accuracy | 92.4%
Precision | 90.7%
Recall 91.3%
F1-Score 91.0%

V. USING THE TEMPLATE

This research paper has been formatted according to the
IEEE conference paper guidelines. The LaTeX template
has been customized to ensure proper alignment, margin,
and font consistency as required by the IEEE format. The
document structure includes essential sections such as Ab-
stract, Introduction, Methodology, Results, Discussion, and
Conclusion.

The paper titled “Enhancing Cancer Treatment Accuracy
Through Genetic Mutation Analysis” has been developed and
compiled using LATEX, ensuring that all figures, equations,
and tables are properly referenced and formatted. Each sec-
tion maintains clarity and logical flow for better readability
and comprehension.

A. Headings and Structure

All headings are organized hierarchically to maintain the
logical flow of information. Major sections such as Introduc-
tion, Model Design, and Results use higher-level headings,
while subtopics like Feature Selection or Evaluation Metrics
use secondary headings.

B. Figures and Tables

Figures and tables play an essential role in representing
results and observations effectively. In this paper, tables are
used to summarize dataset features, model parameters, and
performance metrics such as accuracy, precision, and recall.
Figures, such as confusion matrices and accuracy graphs,
are included to visually demonstrate the performance of the
Random Forest classifier.

TABLE 1II
PERFORMANCE METRICS OF RANDOM FOREST MODEL

Metric Value
Accuracy | 92.5%
Precision 90.8%

Recall 91.3%
F1-Score 91.0%

[width=0.45]confusion,atrix.png

Fig. 1. Confusion Matrix illustrating the classification performance of
the Random Forest model in predicting cancer treatment outcomes. The
diagonal elements represent correctly classified cases.
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VI. CONCLUSION

This study demonstrates the potential of machine learn-
ing techniques in identifying personalized cancer treatment
strategies based on genetic data. By analyzing gene expres-
sion profiles, the model effectively classifies patients and
predicts suitable therapeutic options, paving the way for
precision medicine. The results highlight the importance of
integrating computational intelligence with clinical genomics
to enhance treatment accuracy and patient outcomes. Future
work will focus on incorporating deep learning architectures,
expanding datasets, and validating predictions through clini-
cal collaboration to further improve robustness and reliabil-

ity.
VII. APPENDIX

*

The following section presents the pseudocode for the
machine learning pipeline used in this study. It includes
preprocessing, feature selection, and model training steps.

Algorithm 1: Machine Learning Pipeline for Personalized
Cancer Treatment

Load genetic dataset D

Preprocess data (normalization, missing value handling)

Perform feature selection using mutual information

Split data into training and testing sets

Train classifier (e.g., Random Forest, SVM)

Evaluate model using accuracy, precision, recall, F1-score

Predict treatment outcomes for unseen genetic profiles
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