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Abstract
This chapter validates the predictive accuracy of machine learning models on 
three unique cancer datasets: Breast Cancer, Lung Cancer, and Skin Cancer. The 
methodology involved in this study is SVM and RF models with preprocessing of 
data, wherein missing data imputation and feature scaling ensure optimal perfor-
mance. These models were evaluated in terms of the following measures: accuracy, 
precision, recall, F1 score, and ROC-AUC. The results showed the superiority of 
the Random Forest model, with the highest accuracy and highest predictive power 
in all datasets. The study also compared the SVM and RF models with k-Nearest 
Neighbors (k-NN) and Logistic Regression for benchmarking. Our findings indi-
cate that Random Forest is the most reliable model for cancer diagnosis prediction 
and will provide a robust framework for further clinical implementation in cancer 
diagnostics.

Keywords:  Predictive accuracy, cancer diagnostics, machine learning, random 
forest, support vector machine, ROC-AUC, cross-validation, medical imaging

*Corresponding author: gunasudhaa@gmail.com

CO
PYRIG

HTED
 M

ATERIA
L



2  Targeted Chemotherapy with Personalized Immunotherapy

1.1	 Introduction

Cancer is one of the most devastating and intricate diseases afflicting 
humanity and burdening healthcare systems around the world. Withrapid 
advances in medical technology involving genomics, radiology, and 
pathology, the diagnosis of cancer has clearly undergone a sea change. 
Nonetheless, despite the great technological impetus, the early and accu-
rate diagnosis of cancer remains a significant challenge. Cancer manifests 
differently from one patient to another because it is quite heterogeneous, 
and different factors contribute to its development—from simple genetic 
predispositions to varied environmental factors. Therefore, there is a need 
for new approaches to cancer diagnostics that improve the accuracy, speed, 
and efficiency of diagnostics. Machine learning has become a new, trans-
formative healthcare tool. In recent years, machine learning has been able 
to automatically process and analyze vast amounts of data for patterns that 
cannot often be detected by the human eye. Relying on machine learn-
ing has taken researchers tremendous steps forward regarding not only 
detection but also diagnosis and treatment capabilities for cancer. These 
algorithms can be trained on large datasets. Whether it is an image of the 
medical issue, a patient’s history, or genetic information, such algorithms 
can aid in classifying a tumor as benign or malignant, predicting the rate 
at which the disease may advance, and tailoring appropriate treatment 
options. To this end, the purpose of this study was to investigate the value 
of machine learning prediction in cancer diagnosis. More specifically, the 
current study aims to examine the performance of two widely used ML 
algorithms, SVM and RF, in working on cross-cancer types, such as breast 
cancer, lung cancer, and skin cancer. It evaluates the accuracy of these 
models with the intention of broadening the knowledge about the most 
effective computational tools that can be used to assist clinicians in diag-
nosing and predicting cancer. Cancer is a group of diseases that features 
unusual, uncontrolled growth and spread of abnormal cells. The spread 
process causes death, if not controlled. More than 100 different types of 
cancer exist, ranging from breast and lung cancers to prostate and col-
orectal cancers. Different factors contribute to the development of cancer, 
including genetic mutations, different forms of environmental exposure 
such as tobacco smoke, radiation, and infections, and lifestyle factors, 
including diet and physical activity, among others.
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1.1.1	 Conventional Cancer Diagnosis

The current diagnostic practices employed in cancer encompass a mix 
of various medical imaging, biopsies, and laboratory tests. Although 
these techniques have served their time, they have certain disadvan-
tages. Imaging techniques are expensive and expose patients to radiation. 
Biopsies are invasive and time consuming. Again, the diagnostic accuracy 
depends on the skill of the treating healthcare provider and the quality 
of the imaging or biopsy samples. With the evolution of medical data in 
terms of their complexity and volume, there is an urgent need to develop 
new diagnostic tools. Clinicians are most likely to experience overwhelm-
ing amounts of data from a single patient based on clinical data, imaging, 
and genetic profiles. If these data are appropriately processed and analyzed, 
they can provide ample opportunities to increase the diagnostic accuracy 
and treatment outcomes.

1.1.2	 Machine Learning in Cancer Diagnosis

Machine learning has emerged as a revolutionary force in cancer diagnos-
tics as computers learn from past data so that they can identify patterns 
and make decisions with little or no human intervention. In the realm of 
the diagnostic horizons of cancer, ML algorithms can process and ana-
lyze huge datasets, from genomic data and histopathological images to 
electronic health records, all to help clinicians identify malignancies and 
predict future cancer progression. Several types of machine learning algo-
rithms are supervised learning models, such as SVM and Random Forest, 
unsupervised learning models, such as clustering algorithms, and deep 
learning models, such as convolutional neural networks for image recog-
nition. The application of machine learning in cancer diagnosis is bene-
ficial in several ways. This requires multidimensional analysis of datasets 
to reveal complex relationships that are not easily identifiable by a human 
expert. In addition, using machine learning models, patterns in medical 
images can be learned, such as tumors within mammograms or lesions 
in skin images. This reduces the possibility of human error and improves 
the accuracy of diagnosis. Furthermore, machine learning models can be 
updated dynamically using new data. In that case, this tool is continuous 
with a dynamic updating process in the diagnosis and prognosis of cancer.
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1.1.3	 Types of Cancer in Focus

This study outlines three cancer types: breast, lung, and skin. These have 
been chosen for the purpose of this study because they are very common 
diseases, and more importantly, there exist huge publicly accessible datasets 
that can be used both in training and validating machine learning models.

1.1.3.1	 Breast Cancer

Breast cancer is the most common cancer in women, and accounts for a 
large percentage of all cancers diagnosed. Screening mammography has 
been shown to reduce the mortality associated with breast cancer; however, 
mammograms are not infallible, and false positives or negatives can occur. 
Machine learning algorithms can improve the accuracy of mammography 
by detecting patterns in images to identify benign or malignant tumors.

1.1.3.2	 Lung Cancer

Lung cancer is one of the leading causes of death in cancer patients world-
wide. Most cases are diagnosed at a late stage, which reduces the probabil-
ity of a cure. Early detection significantly improves the prospect of survival; 
however, the prevailing methods that include chest X-rays and CT scans 
for the diagnosis of lung cancer have limitations and frequently miss early 
stage lung cancers. Machine learning models are expected to enhance early 
detection using a more detailed examination of imaging data and clinical 
information than traditional methods.

1.1.3.3	 Skin Cancer

Skin cancer, especially melanoma, is one of the most common cancers 
and may be curable if detected at an early stage. However, it is challeng-
ing for doctors to differentiate between benign and malignant skin lesions. 
Analyzing dermoscopic images using algorithms from machine learning 
has been recommended for the accurate determination of benign and 
malignant skin lesions to facilitate the early detection and treatment of 
melanoma.

1.1.4	 Objectives of Study

The primary purpose of this study was to evaluate the predictive power of 
machine learning methods in cancer diagnosis. This study aims to:
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•	 Compare SVM and RF models for the three types of cancer. 
In this study, we compare the performance of SVM and RF 
models for three types of cancer: breast, lung, and skin. We 
will use publicly available datasets to train the SVM and RF 
models and then outline the assessment in terms of accu-
racy, precision, recall, F1 score, and ROC-AUC.

•	 Compare performance across different models of machine 
learning for different types of cancer: The experiment 
will investigate whether the machine learning algorithms 
obtained are consistent with different types of cancers or if 
specific models are better suited for certain cancers.

•	 Identification of important features for cancer diagnosis: The 
important features for the prediction model include tumor 
size, patient age, and genetic markers.

•	 Validation of the machine learning model using bench-
mark models: Beyond SVM and Random Forest, this study 
compares these models with k-NN and LR, two of the most 
famous classification algorithms, for further validation that 
the models applied for cancer diagnosis are robust.

Finally, this study discusses the possibility of using machine learning 
models in clinical practice and discusses challenges involving integration 
into routine cancer diagnosis and the requirements necessary to ensure the 
reliability and accuracy of the model.

1.1.5	 Study Scope

In this study, a cross section of machine learning models was tested and 
validated for different types of cancers. The focus will be on the SVM and 
Random Forest algorithms on breast, lung, and skin cancer datasets to 
obtain reliable predictive accuracy. Another objective that this research 
will attempt to address is the comparison based on SVM and Random 
Forest with other popular models such as k-NN and Logistic Regression, 
setting up a benchmark for predictive accuracy in the diagnosis of can-
cer. The public datasets used for the study were sourced from recognized 
repositories such as the UCI Machine Learning Repository and Kaggle. 
Clinical and pathological information about patients in such datasets 
includes tumor characteristics, patient demographics, and genetic mark-
ers. This generalizes the study results to different types and populations 
of cancer using several datasets. Standard machine learning procedures, 
including data preprocessing, model training, and validation, will be used 
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in the exercise. All preprocessing steps, including handling missing data, 
feature scaling, and splitting data, are accounted for. A 10-fold cross- 
validation assessment of each model was conducted to avoid overfitting 
and to improve the models’ generalization.

1.1.6	 Performance Metrics

The performance of the machine learning models was evaluated in terms 
of accuracy, precision, recall, F1 score, and ROC-AUC. Altogether, these 
metrics provide an all-around evaluation of the model’s potential to make 
accurate predictions about cancer diagnoses and avoid too much false pos-
itivity and negativity, along with generalizability to new data, as shown in 
Table 1.1.

1.1.7	 Limitations and Future Directions

Machine learning has great potential in cancer diagnostics, but several 
challenges must be overcome before these models can be implemented 
completely in the clinic. First, high-quality and -quantity datasets are 
required for training these models. Often, the size of the datasets used to 
develop machine learning models is small or noisy and incomplete, which 
can greatly impact the performance of such models. Of course, general-
ization in machine learning is of concern, meaning that models designed 
on one population may not behave well on data from another population. 
Future studies should aim to overcome these limitations by utilizing larger 

Table 1.1  Performance metrics for machine learning models.

Metric Description

Accuracy Proportion of correctly classified instances out of the 
total instances.

Precision Proportion of true positive predictions out of the total 
positive predictions.

Recall (Sensitivity) Proportion of true positive predictions out of the total 
actual positives.

F1 Score Harmonic mean of precision and recall.

ROC-AUC Area under the receiver operating characteristic curve, 
measuring sensitivity vs specificity.
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and more diverse datasets, and as part of model development that gener-
alizes across populations and healthcare settings. More importantly, future 
features, such as genetic information and patient history, could improve 
the predictive accuracy of machine learning models and make them more 
applicable to real clinical settings.

1.2	 Literature Review

In the past couple of years, the integration of machine learning techniques 
in cancer diagnostics has reached a significant altitude because of their 
potential for enhancing diagnostic accuracy and, subsequently, patient 
outcomes. Logistic regression has been a cornerstone in medical litera-
ture for understanding many health outcomes, including cancer. It helps 
to evaluate the association of different predictors with the likelihood of 
disease occurrence, and hence, it provides useful information on the risk 
factors of cancer [1]. In clinical epidemiology, logistic regression is often 
used to assess the efficacy of interventions and predict the prognosis of 
cancer patients, making it an essential tool in oncological research [2]. 
Clinical guidelines for the management of specific cancers, such as hepa-
tocellular carcinoma, focus on early detection and appropriate manage-
ment. Advanced diagnostic tools can facilitate patient care, reflecting a 
trend towards an increase in technology in oncology clinics [3]. In addi-
tion, the development and validation of diagnostic questionnaires, such as 
the Rome IV Diagnostic Questionnaire, have become important steps in 
organizing the process by which clinicians can accurately diagnose patient 
conditions [4]. Moreover, these tools aid in the communication between 
health professionals and patients for the effective treatment of cancer. The 
development of molecular classifications has dramatically changed our 
understanding of cancer biology. Therefore, the study of molecular clas-
sification by gene expression monitoring provides a great example of how 
class discovery and prediction can be followed by approaches that are more 
individualized in terms of treatment [5]. Such developments show the value 
of molecular profiling in guiding the treatment approach and contribut-
ing to improvements in patient outcomes, which would clearly represent 
an obvious need for further development of molecular-based diagnostic 
tools. In diagnostics, several possible biomarkers have been assessed for 
the early detection of cancer. Some examples include serum markers of 
liver fibrosis. Thus far, they seem to be promising for the identification of 
patients at risk for liver diseases that could further lead to hepatocellular 
carcinoma [6]. This shows that the process of developing biomarkers is 
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crucial for the early detection of cancer—an added layer of complexity and 
potential for machine learning in oncology. Clinical practice guidelines for 
various types of cancers, including renal cell carcinoma and rectal cancer, 
underscore the fact that they emphasize streamlined diagnostic procedures 
to take maximum advantage of modern technological advancements. In 
cancer management, guidelines emphasize a multidisciplinary approach 
incorporating machine learning to enhance the precision of diagnosis and 
treatment planning [7, 8]. Clear policies and protocols in place further 
ensure the proper assimilation of emerging technologies into clinical envi-
ronments for overall improvement in the quality of care. In addition, cer-
tain models applied to determine the probability of malignancy in patients 
with solitary pulmonary nodules are good examples of research conducted 
by scientists to continue improving diagnostic methods through machine 
learning techniques. To distinguish between benign and malignant condi-
tions, these models are important; such a distinction is necessary to out-
line the appropriate therapeutic direction for patients [9]. The emphasis on 
careful risk stratification underlines the need for advanced analytical tech-
niques to improve quality decisions at the point of care. Without question, 
this is indeed an age in which oncology evolves with the development of 
artificial intelligence and machine learning. Recently, an increasing num-
ber of studies have described a cohort of studies focusing on harnessing 
these technologies to accelerate the diagnostic processes and subsequently 
ensure better patient outcomes. These studies highlight the need to use 
robust algorithms that can analyze enormous datasets to unmask patterns, 
which remain apparent only at grosser levels of analysis, but are invisible 
at finer scales through traditional statistical methods [9]. This approach is 
aligned with the overarching objective of personalized medicine, wherein 
treatments are tailored according to individual patient profiles and may 
thus increase the effectiveness of therapeutic interventions. Thus, machine 
learning and advanced statistical methods can provide a promising 
approach for improving patient care in cancer diagnostics. The available 
literature stresses that more continuous research in this field is import-
ant and calls for further studies of newer diagnostic tools and techniques. 
With more research being conducted and even more advancements in the 
field, validating and standardizing such approaches will be vital so that 
they are appropriately applied in the clinical setting and yield better results 
for those diagnosed with cancer. The convergence of technology with the 
medical industry brings about a transformative opportunity toward more 
effective and patient-centered cancer care, which could enhance the pre-
cision of diagnosis through personalized treatment strategies. The field of 
oncology is continually changing and gaining relevance in the application 
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of artificial intelligence and machine learning. The literature displays the 
volume of research on these technologies to enhance diagnostic processes 
and improve patient outcomes. Studies have been keen on using strong 
algorithms that may rifle through big datasets to reveal patterns that statis-
tically might not be discernible [10]. This also falls in line with the broader 
goal of personalized medicine: tailoring treatments according to specific 
patient profiles, which also increases the effectiveness of therapeutic inter-
ventions. In addition, the joint recommendations of the American College 
of Medical Genetics and Genomics and the Association for Molecular 
Pathology present guidelines for interpreting sequence variants, which is 
an important step in the accurate diagnosis and treatment planning of can-
cer [11, 12]. The application of model selection within the medical diag-
nostic decision support system, particularly for breast cancer detection, 
in the research study depicted practical applications of machine learning 
within a real-world clinical setting, thus serving as a roadmap for future 
development and research work within the field [13, 14].

1.3	 Methodology

This study tests the predictive capability of machine learning models in 
cancer diagnostics by implementing structured methodology of data 
acquisition preprocessing, feature extraction, model selection and train-
ing, validation, and performance evaluation. The cancers in this study were 
chosen based on the availability and representativeness of breast, lung, and 
skin cancers. In this study, the machine learning models assessed were 
SVM, RF, k-NN, and LR. For each of the evaluated models, a compari-
son was performed using its performance on several metrics, ranging from 
accuracy to precision, recall, F1 score, and ROC-AUC.

1.3.1	 Data Acquisition

Critical in the process of data acquisition is gathering relevant datasets 
by which the machines can learn, and thereby train, test, and validate the 
models. The datasets applied in this study included those retrieved directly 
from sources that are known to be reputable and accessible to the gen-
eral public, such as the UCI Machine Learning Repository and Kaggle. The 
records used were diagnosis records for breast, lung, and skin cancers, all 
of which form a basis for an entire set of features that help with diagnostic 
predictions.
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•	 Breast Cancer Dataset: This dataset contains features such as 
tumor radius and texture, perimeter, and smoothness, which 
can be used to classify tumors as benign or malignant.

•	 Lung Cancer Dataset: This dataset includes patient age, 
tumor stage, and genetic markers that provide more infor-
mation about lung cancer diagnosis and prognosis.

A three-channel dataset included images of skin cancer with dermo-
scopic image data and lesion characteristics, including asymmetry, border 
irregularity, and color distribution, for melanoma classification. The data 
were split into training and test sets. Each dataset contained labeled data, 
indicating the presence or absence of cancer, along with a variety of clinical 
features relevant for diagnostic classification. All datasets contained 80% 
training and 20% testing and validation.

1.3.2	 Data Preprocessing

From the collection of these datasets, the next step is data preprocessing, 
which involves cleaning and preparing training the machine learning 
model. Data preprocessing helps ensure that models learn well from the 
data without being affected by noise, missing values, or inconsistencies.

1.3.2.1	 Dealing with Missing Data

In real-world clinical datasets, missing values arise either because records 
are incomplete or data collection has errors. Missing data were handled 
using imputation. If the features are categorical, such as patient sex or type 
of cancer, the mode for the feature is used in imputation; if they are contin-
uous, such as tumor size or patient age, a median value is used.

1.3.2.2	 Normalization and Standardization

Many of the algorithms used in the applied machine learning approach 
in this study are scale-sensitive in terms of input features. For example, 
the size of the tumor and genetic markers often have different scales, and 
the differences in scales negatively affect model performance. Therefore, all 
continuous features were normalized or standardized, depending on the 
requirements of the models:

Normalization: For k-NN, features were normalized to a range of 0 
to 1 using min–max normalization. Standardization: Features for SVM 
and Logistic Regression were standardized for zero-mean, unit-variance 
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normalization to ensure that the model was not become biased toward 
larger, numerically valued features.

1.3.2.3	 Feature Selection and Dimensionality Reduction

The “curse of dimensionality” affects high-dimensional datasets with many 
features and grows sparse, which makes the model’s performance degrade 
in high-dimensional spaces. To address this, feature selection tech-
niques have been applied to identify the most relevant features for cancer 
classification.

•	 Correlation Analysis: A correlation matrix was generated 
that provided features correlated with the target variable for 
cancer diagnosis. Only those features that showed a strong 
correlation with the target and those that did not show any 
relation at all were discarded.

•	 Principal Component Analysis (PCA): On large-sized data, 
PCA was applied to reduce feature dimensions to achieve 
a reduced set of features: principal components explaining 
most of the variance in the data. For the breast cancer data-
set, this dimensionality reduction technique is very signifi-
cant because certain features, such as texture and perimeter, 
are highly correlated.

1.3.3	 Machine Learning Models

In this study, four machine learning models were used: SVM, Random 
Forest, k-NN, and Logistic Regression, because they have a proven record 
of effectiveness in classification. All these models were trained on the pre-
processed datasets and tested on a set of performance metrics.

1.3.3.1	 Support Vector Machine (SVM)

SVM is a supervised machine learning algorithm that identifies the opti-
mum hyperplane that separates data points into different classes. This algo-
rithm has proven to be very efficient in the context of cancer diagnostics, 
as it can perform operations in high-dimensional spaces and is not signifi-
cantly affected by outliers.

Kernel Selection: The RBF kernel was applied to the SVM because it 
works better than other alternatives in many nonlinear classification tasks 
encountered in common medical data. Instead of using the grid search, the 
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gamma (γ) and cost (C) parameters were used to obtain the optimal model 
performance.

1.3.3.2	 Random Forest (RF)

An ensemble learning technique, Random Forest, is a situation in which 
multiple decision trees are combined together to improve the accuracy of 
classification. It creates many decision trees over subsets of data and aggre-
gates the predictions into a final class.

•	 Hyperparameter Tuning: The number of decision trees (n_
estimators) and the maximum depth of each tree were opti-
mized by performing a grid search. The aptness of Random 
Forest for handling numerical and categorical data makes it 
extremely suitable for the current study, especially when the 
dataset features mixed types; in this case, the breast cancer 
dataset.

1.3.3.3	 k-Nearest Neighbors (k-NN)

The k-NN is a simple non-parametric algorithm that classifies data points 
based on the majority class of their closest neighbors. Although k-NN has 
been quite effective for smaller datasets, its performance degrades quite 
poorly for larger datasets or those that have many features.

•	 Distance Metric: Euclidean distance was used as the distance 
metric for the k-NN. The optimal value for the number of 
neighbors (k) was determined using cross-validation.

1.3.3.4	 Logistic Regression (LR)

Another linear model that is often applied to binary classification prob-
lems is Logistic Regression. Although quite straightforward, this model 
has proven to possess incredible power as a very helpful tool in medical 
diagnostics, especially in problems where there exists an immediate linear 
relationship between the features and the target variable.

•	 Regularization: The model was then subjected to L2 regular-
ization to prevent overfitting; the regularization parameter 
λ, was then determined using a grid search.
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1.3.3.5	 Hyperparameter Tuning

A grid search was used to optimize the hyperparameters for each model. 
For SVM, we utilized the kernel type and regularization parameter, and for 
RF, we used the number of trees and the maximum depth was optimized. 
The number of neighbors, k in k-NN, and λ, the regularization parameter in 
Logistic Regression were fine-tuned to maximize the model performance.

1.3.4	 Performance Metrics

Once the models were trained and validated, their performances on vari-
ous metrics were analyzed. These metrics provide a comprehensive evalua-
tion of the models’ predictive accuracy, the correct classification of cancer 
cases, and generalization to new datasets, as shown in Table 1.2.

Accuracy, in general, provides a measure of the goodness of the model 
while precision and recall provide measurements of its capability to 
decrease false positives and false negatives, respectively. The F1 score bal-
ances recall and precision, which is a useful measurement when the class 
distribution of the dataset is uneven. ROC-AUC gives a visual represen-
tation of the model’s capability to differentiate between the two classes, 
namely cancerous and non-cancerous cases.

Table 1.2  Performance metrics used for model evaluation.

Metric Description

Accuracy The proportion of correctly classified instances out of 
the total instances.

Precision The proportion of true positive predictions out of the 
total positive predictions.

Recall (Sensitivity) The proportion of true positive predictions out of the 
total actual positives.

F1 Score The harmonic mean of precision and recall, providing 
a balance between the two.

ROC-AUC The area under the receiver operating characteristic 
curve, measuring sensitivity vs specificity.
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1.4	 Analysis of Results

Once all the models were trained and validated, the results obtained were 
analyzed to determine how each model performed across the types of can-
cer considered. The results were presented in terms of accuracy, precision, 
recall, F1 score, and ROC-AUC for each model, making the comparison 
conclusive in terms of the strengths and weaknesses of different models. 
The Random Forest model was the best overall and for both malignancy 
types, with very good precision, recall, and ROC-AUC. The SVM also per-
formed well, especially for the breast cancer dataset, where its values were 
highly significant in terms of precision and recall. However, k-NN and 
Logistic Regression performed comparatively poorly. In fact, for both lung 
and skin cancer datasets, the variation in scales of features and complexity 
of data results in low predictive accuracy. The performance of SVM, RF, 
k-NN, and LR in predicting cancer diagnoses for the datasets of breast 
cancer, lung cancer, and skin cancer is considered in this study. The per-
formance of the model was tested in terms of accuracy, precision, recall, F1 
score, and ROC-AUC to determine its predictive ability. The results were 
divided into the general performance of each model and an analysis com-
paring the performances of the models for different types of cancer.

1.4.1	 The Overall Performance of Each Model on the Breast 
Cancer Dataset

The breast cancer dataset is one of the best-balanced datasets, with clear 
features that differentiate between benign and malignant tumors. Table 1.3 
indicates the performance metrics for each machine learning model on the 
breast cancer dataset.

Table 1.3  Performance metrics for various machine learning models on the 
breast cancer dataset.

Model Accuracy Precision Recall F1 score
ROC-

AUC

SVM 92.7% 91.3% 93.8% 92.5% 94.2%

Random Forest 94.6% 93.7% 94.9% 94.3% 95.8%

k-NN 87.3% 85.2% 89.1% 87.0% 89.5%

Logistic Regression 88.9% 87.4% 90.2% 88.7% 91.0%
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Four machine learning models were evaluated for breast cancer, as 
shown in Table 1.3. The best overall performance was from the Random 
Forest, which showed an accuracy of 94.6% and the highest ROC-AUC 
score of 95.8%. SVM comes second with a fine accuracy of 92.7%, as shown 
in Figures 1.1 and 1.2. The k-NN and Logistic Regression had lower accu-
racy and F1 scores than the other methods.

SVM, Random Forest, k-NN and Logistic Regression

SVM Random Forest k-NN Logistic Regression

100.00%

75.00%

25.00%

50.00%

0.00%
Accuracy Precision Recall

Model

F1 Score ROC-AUC

Figure 1.1  Performance metrics breast cancer.

SVM, Random Forest, k-NN and Logistic Regression

SVM Random Forest k-NN Logistic Regression

100.00% 200.00% 300.00%0.00%

Accuracy

Precision

Recall

M
od

el

F1 Score

ROC-AUC

Figure 1.2  Performance metrics bar chart.
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1.4.2	 Models’ Performance for Lung Cancer Dataset

Lung Cancer Diagnosis: The diagnosis of lung cancer is challenging. The 
dataset is heterogeneous in nature and comprises of genetic markers and 
other clinical features. Table 1.4 presents the performances of the models 
on the lung cancer dataset.

Table 1.4 shows again Random Forest had the best performance on the 
lung cancer dataset with an accuracy of 89.8% and ROC-AUC of 92.3%. 
The SVM was followed up with decent performance. In comparison, k-NN 
and Logistic Regression lagged, particularly in terms of their recall and 
ROC-AUC scores. Figure 1.3 shows a visualization of these models. This 
shows that models such as the Random Forest and SVM better manage the 
complex features associated with lung cancer.

Table 1.4  Performance metrics for various machine learning models on the lung 
cancer dataset.

Model Accuracy Precision Recall F1 score
ROC-

AUC

SVM 85.2% 83.9% 86.3% 85.1% 88.1%

Random Forest 89.8% 88.6% 90.5% 89.5% 92.3%

k-NN 78.4% 76.2% 79.6% 77.8% 81.5%

Logistic Regression 81.3% 80.1% 82.9% 81.5% 85.0%

SVM, Random Forest, k-NN and Logistic Regression

SVM Random Forest k-NN Logistic Regression

100.00%

75.00%

25.00%

50.00%

0.00%
Accuracy Precision Recall

Model

F1 Score ROC-AUC

Figure 1.3  Performance metrics on lung cancer.
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1.4.3	 Model Performance on Skin Cancer Dataset

Skin cancer diagnosis, particularly melanoma classification, relies heavily 
on features obtained from images and dermoscopic data. The performance 
of the models on the skin cancer dataset is presented in Table 1.5.

Table 1.5 lists the different models and their performance on the skin 
cancer dataset. The best accuracy was found in the Random Forest model 
with an accuracy of 91.2% and an F1 score of 91.1%, thus proving a better 
model for complex high-dimensional data such as image data, as shown 
in Figure 1.4. SVM also performed well, followed by k-NN and Logistic 
Regression, with a relatively lower accuracy and recall.

Table 1.5  Performance metrics for various machine learning models on the skin 
cancer dataset.

Model Accuracy Precision Recall F1 score
ROC-

AUC

SVM 88.5% 87.1% 89.8% 88.4% 90.7%

Random Forest 91.2% 90.4% 91.7% 91.1% 92.9%

k-NN 83.7% 82.0% 84.9% 83.4% 86.2%

Logistic Regression 85.6% 84.0% 87.2% 85.6% 88.3%

SVM, Random Forest, k-NN and Logistic Regression

20.4%

20.2%

19.9%

19.9%

19.6%

Accuracy

Precision

Recall

F1 Score

ROC-AUC

Figure 1.4  Performance metrics on skin cancer.
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1.4.4	 Analysis of Inter-Cancer Type Performance Comparison

To clarify this, it remains to outline to be outlined how all three models 
were performed for each type of cancer; hence, a comparison summary of 
the average accuracy for all three models is presented in Table 1.6.

A summary of the average accuracy of all models for each cancer type 
is presented in Table 1.6. Table 1.4 summarizes the average accuracy of all 
the models for every cancer type. Random Forest consistently showed the 
highest average accuracy, at 91.8%, followed by SVM at 88.8%, as shown in 
Figures 1.5 and 1.6 as shown in the pie chart. The average accuracy of k-NN 
and Logistic Regression was lower, particularly for lung cancer, where their 
performance was much weaker than that of the others. Therefore, this table 
shows that Random Forest is the most accurate model for every cancer 
type in the dataset.

SVM Random Forest k-NN Logistic Regression

100.00%

200.00%

300.00%

400.00%

0.00%

Model

Average Accuracy
Breast Cancer Accuracy

Lung Cancer AccuracySkin Cancer Accuracy

Breast Cancer Accuracy, Lung Cancer Accuracy, Skin Cancer
Accuracy and Average Accuracy

Figure 1.5  Analysis of inter-cancer type.

Table 1.6  Comparison of models.

Model

Breast 
cancer 
accuracy

Lung cancer 
accuracy

Skin cancer 
accuracy

Average 
accuracy

SVM 92.7% 85.2% 88.5% 88.8%

Random Forest 94.6% 89.8% 91.2% 91.8%

k-NN 87.3% 78.4% 83.7% 83.1%

Logistic Regression 88.9% 81.3% 85.6% 85.3%
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1.5	 Discussion of Results

As can be observed in all figures, the results show that Random Forest 
continually outperforms the other models for the three cancer types at 
hand, as it yields the highest values of accuracy, precision, recall, F1 score, 
and ROC-AUC. This is because the capability of aggregating multiple deci-
sion trees makes Random Forest a very good candidate for tasks involving 
diverse and complex features encountered in cancer datasets. The supe-
rior performance of Random Forest, especially for lung and skin cancer 
datasets, suggests that the algorithm is very robust when handling high-
dimensional data, such as genetic markers and features from images, in 
a cancer diagnosis. The SVM also performed well on all types of cancers, 
especially the breast cancer dataset. Its ability to find a hyperplane that 
separates different classes is advantageous in cases with well-differentiated 
features, as in breast cancer. However, SVM struggled with more com-
plex datasets with nonlinear relations between features and target labels, 
such as in lung cancer. k-NN and Logistic Regression performed poorly 
on all datasets, but more so for lung and skin cancers. The k-NN algorithm 
employs distance metrics; hence, it suffers when handling high-dimensional 
or noisy data. Logistic Regression is linear; therefore, it cannot adequately 
represent feature interactions. The effects translated to the results because 
the two models reported lower accuracies, recalls, and F1s than Random 
Forest and SVM. In general, the experimental results of different ensemble 
approaches, such as Random Forests, indicate that they are indeed appli-
cable to the problem of cancer diagnostics and provide a strong and pre-
cise prediction for any data under study. The SVM method is also reliable, 

SVM

Random Forestk-NN

Logistic Regression
24.5%

24.0%

25.5%

26.0%

Breast Cancer Accuracy, Lung Cancer Accuracy, Skin Cancer
Accuracy and Average Accuracy

Figure 1.6  Comparison of models.
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primarily for less complicated datasets such as breast cancer. k-NN and 
Logistic Regression probably require fine-tuning or feature engineering to 
provide an acceptable performance on intricate medical datasets. In con-
clusion, the best performance of Random Forest for all diagnostic types 
was observed, whereas SVM proved to be reliable. However, k-NN and 
Logistic Regression were less effective, particularly in dealing with the 
complexity of lung and skin cancer datasets. The results showed that the 
correct machine learning models selected based on the characteristics of a 
dataset may play a crucial role in optimizing the accuracy of their correct 
diagnosis.

1.6	 Conclusion

The above four machine learning models were utilized in this study: SVM, 
RF, k-NN, and LR for cancer diagnosis on breast, lung, and skin cancer 
datasets. RF performs best among the above models based on the aspects 
of accuracy, precision, recall, F1 score, and ROC-AUC because it can tackle 
the complexity and variability characterizing the dataset of cancer. The 
SVM also performed very well, especially when dealing with the breast 
cancer dataset, but was less effective in more complex datasets, such as 
lung cancer. However, k-NN and Logistic Regression were not compara-
ble, especially when dealing with high-dimensional and heterogeneous 
datasets, which indicates that there is a need for further tuning or feature 
engineering of such models to deliver better results. In general, the find-
ings of this study suggest the potential of ensemble-based models, such as 
Random Forest, which facilitate significantly improved accuracy in diag-
nosis in cancer cases and lead to more precise diagnoses at early stages 
in a clinical environment. This study supports the importance of model 
selection, which will suit the nature of the dataset, and shows that machine 
learning is going to revolutionize cancer diagnostics. Further work is still 
needed to fine-tune the models for the best clinical fit to make them highly 
portable and versatile for application to a wide range of cancer types and 
datasets. These results require continuous improvement, specifically model 
development and clinical validation.
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