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PE3IOME

Uncno oHKOOOJIBHEIX PacTeT BO BCEM MHpe. 3a MOCIeIHHE JIBa ATk JIST KOJMYECTBO TAKUX ITAIlMEHTOB B Mpake yBeINYUIOCH BIBOE, UTO
HPHBEIIO K YBEIMYCHHUIO YHCIIa CMEPTeii OT paka. [IoMHMO 9TOro, IMEHHO OITyXOJICBbIE OPAKECHUSI SIBISFOTCS BTOPOH MO Y4acTOTE MIPUYMHOM
CMepTei’I TOCIIUTAJIM3UPOBAHHBIX MMALTUCHTOB. l_lyTH peuicHus CIIOYKUBILIEHCST l'lpOGJ'[eMbI 3aKJIIOYar0TCd B YMEHBIICHUN BPEMEHU TNArHOCTHU-
KH OHK03a00JIeBaHUs, YBEINYCHUN €€ TOYHOCTH, IIPABHILHOCTH aJITOPUTMOB MapIIPyTH3AMN TAIUCHTOB C CHMIITOMAMH paKa, a TakKe
B YIy4IICHUU CHCTEM MOHHMTOpHMHIa. PaccMaTpuBaeMslil B CTaThe MOAXO/ K BEJICHHIO OHKOOOJIBHBIX MOJPA3yMEBACT UCIIOIb30BAaHUE IPO-
rpaMMHOTO o0ecIiedeH s Ha OCHOBE aJITOPUTMOB MAIIMHHOTO 00yUYEeHUsI, TI03BOJISIONIETO MAMEHTY CaMOCTOSITENILHO PACIiO3HATh CHMIITO-
MBI OHKOJIOTHYECKOTO 3a00JICBaHMUSI M HATIPABIISIOLIETO €ro K MPOGHIFHOMY CIICIHAINCTY, YTO B CBOKO OYepe/ib 00CCIEYNT BBISBICHHE paKa
Ha panHel ctaauu. [Tomumo 3toro, paccmarpusaemoe [10 mpu3Bano 00ecrneynTh MOHUTOPUPOBAHUE COCTOSTHMS MTAIIMEHTA Ha MPOTSHKSHHN
nedeHus. B nMeromuxcst HecaenoBaHUsAX MPUMEHUTENIBHO K PAaHHEH OHKOJMAarHOCTHKE PAacCMATPHBACTCS JIMIIL OAWH METOJ| MalllHHOTO
oOyuenus. B mannoii paboTe nmpoaHaIM3MPOBAHO NIPUMEHEHHE CBEpTOYHbBIX HelpoHHBIX cetell (CNN), knaccugukaropoB Random Forest
n XGBoost, KOTopbIe MPeICTaBIIOT COOOH aIrOpPUTMBI MAIIMHHOTO 00YYeHHsI, TPUMEHSIEMbIE K CTPYKTYPHPOBAHHBIM M TAOJIMYHBIM JaH-
HBIM, UCIIOJIB3YEMBIM IS BBISIBJICHHS HAJTMYUS paka MOJIOYHOH JKeNe3bl, OMyXoJIeil FOJIOBHOTO MO3ra, paka KOXKH M paka Jierkux. Vcmnonp-
30BaHME JIAaHHBIX MTPOrpaMM obecneduT Gosiee OBICTPYIO U Oojiee TOUHYO JUarHoCTHKy paka. Co3nanue odnagnoro cepsepa ¢ Takum [10
C/IeJIaeT MpeIaraeMyro METOIUKY PaHHEei OHKOJMAarHOCTHKU OOIIEIOCTYITHON 1 Ootee ynoOHOH B HCTIOIb30BaHHN.
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KOJICU, PAK 20/108HO20 MO32d, PAK 1E€2KO20
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ABSTRACT

The number of people diagnosed with cancer is growing all around the world. During the last twenty years, the overall cancer incidence
in Iraq has doubled, leading to an increase in the number of diagnosed cancer fatalities. When it comes to deaths that occur in hospitals,
cancer is the second-biggest cause. Therefore, a remedy to the issue should be an arrangement to decrease time waste, the right technique
of directing the patient to notice symptoms, extremely accurate cancer detection, and a better monitoring system. The proposed method is
an arrangement that lets and leads a patient to identify symptoms on their own, guiding them to a proper healthcare professional, correctly
diagnosing cancer in its initial stages, and monitoring the patient throughout therapy. Currently, research into cancer detection systems
only employs a single machine learning approach to identify cancer. The study that is being presented makes use of Convolutional Neural
Networks (CNN), Random Forest, and the XGBoost Classifier, which are a machine learning algorithms that are applied to structured and
tabular data in order to identify the existence of breast cancer, brain tumors, skin cancer, and lung cancer. These methods provide findings
more quickly while also achieving a greater level of accuracy. Hosting this suggested solution in the cloud with a cutting-edge program will
make it available to the public, providing an improved user experience and easier operation.
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1. Introduction

The state sector in Iraq mostly supplies cancer services,
offering them at no cost to the general population. Follow-
ing the introduction of a national cancer strategy on cancer
prevention and control, there has been a discernible increase
in the quality of cancer care provided throughout the coun-
try. Stopping smoking and getting a Human papillomavirus
vaccine (HPV) are two important preventive measures. The
NCEDC center makes scanning strategies available of some
cancers, including breast, oral, and cervical cancer. Howev-
er, during the year, countless cases of skin, lung, brain, and
breast cancer are discovered and treated.

2. Literature

The number of people affected by cancer worldwide is
increasing. Over the past twenty years, the amount of con-
firmed instances of cancer has increased, coinciding with
a rise in the number of deaths attributed to cancer. Can-
cer has become the second most prevalent cause of death
in hospitals in Iraq [1], behind the causes of death from
other diseases. This study aims to present an overview of
the current situation and suggest a system that can quickly
recognize cancer in its early stages using machine learning
algorithms.

2.1. Breast Cancer

By referencing pertinent information derived from a
variety of sources, the authors investigate the identifica-
tion of breast cancer. In their research, the authors have
used the most widely employed techniques: Random For-
est, KNN (k-Nearest Neighbor), Naive Bayes, Support
Vector Machines (SVM), and Bayesian Networks (BN)
are among the methods used to diagnose breast cancer
[2, 3]. The SVM classifier approach merges RFE and SVM
into a single step. Recursive feature extraction (RFE) is a
method that selects features from a dataset by determin-
ing which features have the lowest value. In each cycle
of SVM-RFE, the algorithm eliminates the features with
the lowest weight, which are considered the wrong fea-
tures. The support vector machine (SVM) fulfills its job
by selecting important examples from all classes, which it
refers to as support vectors. Support vectors are then used
to separate the samples, creating a linear function that
maximizes the separation between them [2]. Support vec-
tor machines (SVM) map an input vector to a high-dimen-
sional space to locate the hyper plane that best classifies
the data set. The Random Forest methodology claims that
a single decision tree can generate either a simple or a spe-
cific model. Random Forest (RF) is used in cancer diag-
nosis due to its effective handling of data from minorities,
as demonstrated in the evidence presented in the paper [2].
For example, even if a tumor comprises only 11 % of the
entire data set analyzed, it can still be classified as either
benign or malignant. The term “naive Bayes classifier”
refers to probabilistic classifiers that use Bayes theory as
their foundation. Naive Bayes has demonstrated utility for
a wide range of machine learning tasks, which is uncom-
mon in real-world scenarios, even though it assumes that
all characteristics are independent of one another [4]. The
k-nearest neighbor algorithm is a kind of algorithm that
may be defined as an algorithm that determines the loca-
tion of a data set by analyzing the data sets that are located
in its immediate vicinity. supervised learning technique
that incorporates regression and classification. In order to
analyze a new data point, KNN first collects all of the data
points that are nearby. Key criteria in the process of meas-
uring the distance are attributes that exhibit a significant
degree of fluctuation. The researchers determined that the

KNN algorithm accuracy is 94.72 %, with only one obser-
vation incorrectly labeled as benign and five as malignant.
Based on the findings, the researchers came to the conclu-
sion that the KNN algorithm is superior to the Random
Forest Method [4]. To create an image that can be utilized
by machine learning algorithms, several image processing
functions are employed, as demonstrated by research [5].
Machine learning algorithms employ a sequence of im-
age processing functions to build an image. There have
been a number of studies that have sought to use machine
learning for the detection and diagnosis of breast cancer.
These studies have utilized a variety of approaches or a
mix of algorithms in order to achieve a higher level of
accuracy. Reviewing a number of research papers can pro-
vide insights into the limitations of these methodologies.
For instance, the support vector machine (SVM) classifier
fails when applied to high-end computer vision applica-
tions with big datasets. The Naive Bayes classifier does
not produce adequate results when the training data is
poorly represented [6].

2.2. Brain Tumor Cancer

It is not possible to overstate the significance of receiving
a diagnosis and discovering brain tumors at an early stage.
Medical professionals commonly use computer-aided diag-
nostic (CAD) methods in a methodical and specialized way
to identify brain tumors. According to medical professionals,
a brain tumor is a development of tissue that has the poten-
tial to disturb the normal function of the brain. In the United
States of America alone, medical professionals are expected
to diagnose 84,870 people with brain and other neurologi-
cal cancers in 2021. The IARC cancer reports a 78 % death
rate associated with brain tumors. It emphasizes how crucial
it is to detect brain cancer as soon as possible and help pa-
tients adhere to the prescribed course of treatment to avoid
more difficulties [7].

Technological developments have made it possible to
employ computerized systems to automatically identify
brain cancers through the use of computed tomography
scans and magnetic resonance imaging (MRI). Convolu-
tional neural networks (CNN) and other machine learn-
ing and deep learning methods have gained popularity in
medical research for the identification and categorization
of brain cancers. Moreover, identifying malignancies ne-
cessitates executing procedures with remarkable accuracy
and speed [8]. Magnetic resonance image segmentation
isolates questionable regions from complex medical im-
ages. It is possible to diagnose a brain tumor using manual
procedures. Aberrant blobs or regions in the brain are de-
tected within MRI scans. These blobs, or regions of the
brain, have a distinct illumination pattern from the brain
relief and have a higher level of brightness than the brain
relief. The process of segmenting tumors in MRI, on the
other hand, is highly difficult. There is a wide range of var-
iations in the morphology, size, texture, and even location
of tumors. In the process of distinguishing the tumor based
on characteristics such as light, it is possible to encounter
complications such as pixel intensities that overlap with
those of normal tissues. Identifying and segmenting brain
tumors in MRI is crucial, as it reveals the presence of ab-
normal tissues that can be utilized for treatment or patient
follow-up [9, 10].

2.3. Skin cancer

The impact of cancer on healthcare systems across the
globe is one of the most significant. In the year 2022, it is
estimated that cancer will be responsible for over 9 million
fatalities worldwide. The two most frequently diagnosed
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types of cancer in females are breast cancer and lung can-
cer. Cancer attributed to malignancies of the lungs, liver,
and stomach is the most common cause of mortality. A
common type of cancer among Caucasians, skin cancer
— which encompasses both malignant melanoma and non-
melanoma skin cancer (NMSC) — is expanding in inci-
dence. There are more people in the United States who
are diagnosed with skin cancer each year than there are
with all other types of cancer combined, as stated by the
United States Skin Cancer Foundation [11]. Research-
ers have observed a 51 percent increase in the yearly in-
cidence of melanoma cases. The increased exposure to
ultraviolet (UV) particles may contribute to a portion of
this rise. Early identification may significantly raise the
chance of survival, even though melanoma is one of the
most deadly types of skin cancer [12]. The World Cancer
Research Fund (WCRF) reports that melanoma, which is a
kind of skin cancer, ranks as the nineteenth most prevalent
form of both male and female cancer. In 2018, 332,000
new cases were reported. Skin cancer ranks fifth among
all cancers for men and women, including melanoma and
non-melanoma. As of 2019, over a million cases had been
reported worldwide. The American Academy of Dermatol-
ogy Association (AADA) conducted a study which found
that skin cancer is the most common form of cancer in the
United States. There was a 138 % increase in the overall
incidence of basal cell carcinoma (BCC) between 1975—
1985 and 2000-2010, whereas the overall incidence of
squamous cell carcinoma (SCC) increased by 253 % over
the same time period. Nonmelanoma basal cell carcinoma
and squamous cell carcinoma patients were more likely
to be female than male [13]. The American Cancer Asso-
ciation reports a steady rise in the incidence of skin can-
cer over the last three decades, with 83,000 new cases of
melanoma diagnosed each year in the United States alone.
Ferris et al. (2017) found that when it comes to cutaneous
melanoma, the most difficult aspect for medical personnel
to deal with is the diagnosis rather than the treatment [14].

2.4. Lung cancer detection

Considering the technical context of this study, we can
determine that the machine learning models are the most
crucial aspect of these systems. To achieve a higher level
of accuracy, researchers should train these models using a
more extensive dataset. The mentioned study demonstrates
the performance of those studies, taking into considera-
tion that they indicate certain particular technologies that
may be utilized for diagnosing lung tumors using machine
learning, as stated by several researchers who have been
doing their work over the last few years [15]. Specifically,
some researchers have achieved an accuracy level of only
about thirty percent. The findings of that study reveal a gap
in the researchers’ utilization of technologies and collec-
tion of datasets. The study provides them with a glimpse
into the produced outcomes. On the other hand, some of
them have conducted their studies using just a single kind
of dataset. When taking into account lung cancer nodules
and the research that goes along with them. This provides
information on how to diagnose lung cancer using images
from CT scans. They have utilized several preprocessing
approaches to clean up the datasets in preparation for the
analysis, after which the model was trained to utilize those
datasets. Furthermore, they employed these procedures
in addition to the facts supplied by the study. During the
course of the study, they also improved the accuracy of the
training process. Those researchers use machine learning
or deep learning algorithms the majority of the time. Tak-
ing into account the history and the works that are associ-

ated with it, the study demonstrates an accuracy of around
92 % [16, 17].

3. Research Approach

3.1. Identification of Breast Cancer

The utilization of two different datasets is one of the
methodologies used in this research. The first dataset con-
tains information on the results of the tests, such as the diag-
nosis of the breast tissue (whether it is benign or malignant),
the thickness of the clumps, the uniformity of the cell size,
and so on. All of the breast tissues’ ultrasound images are
included in the second dataset. The main data source for exe-
cution is a dataset made up of breast cancer case parameters.
These factors include the radius, texture, perimeter, area,
and other properties of the tumor in the breast as well as the
breast tissue. The radius, texture, perimeter, area, and other
characteristics of the tumor in the breast are among these
factors. Model 1 training utilizes this dataset. The process
of getting clean, diagnosable breast cancer data involves a
number of different procedures all working together. Initial-
ly, researchers need to study and analyze the selected data-
set. We obtained the original dataset in Wisconsin to train the
model for this investigation. Before beginning the process of
feature extraction, it is necessary to investigate the dataset.
Initially, we will carry out both pre-processing and inves-
tigation of the dataset. After conducting an exploration of
the dataset and doing some preliminary processing on it, the
third stage consisted of picking the most suitable model to
train before separating the dataset. There are a few processes
that need to be finished. These include loading the data, en-
coding the descriptive data, showing the category data, and
eliminating the blank columns in the extracted data. We need
to divide a section of the dataset, which consists of 75 %
training data and 25 % testing data, into two halves. Using
the K-Neighbors Classifier, Random Forest Classifier, Deci-
sion Tree Classifier, and Logistic Regression as classifiers
during the model training process [5], 99.7 % training accu-
racy was attained by the decision tree classifier and 99.6 %
by the random forest classifier.

These accuracies were taken into consideration for
each training approach. The results showed that the Deci-
sion Tree Classifier achieved an accuracy of 95.3 % when
the models were employed on test data and recorded on a
confusion matrix. The accuracy of 95.3 % for the Deci-
sion Tree Classifier and the success rate of 96.7 % for the
Random Forest Classifier were determined by operating
the models on test data. In comparison, the Random Forest
Classifier had a success rate of 96.7 % when taking into
account the accuracy of both the training and testing pro-
cesses, the Random Forest Classifier is the one that is most
suited for the testing of the model. The study makes use of
a dataset that contains ultrasound images. of breast cancer
tissues in order to carry out the training for Model 2. This
collection of data contains ultrasound images. of breast tis-
sues that are either benign or cancerous, as well as normal.
Model 2 accomplishes its training by utilizing this relevant
data collection. Information pre-processing, extraction of
characteristics, and the division of the data set into test
and train data were among the procedures we applied to
the data set during the training phase. To increase accu-
racy, the procedure makes use of the Convolutional Neural
Networks (CNNs) approach in combination with the Keras
sequential model. It is feasible to increase accuracy after
the two models, which eventually leads to a high level of
accuracy, by using the ensemble technique, which com-
bines the accuracy of the two models. Fig.1 shows sample
of breast non-cancer (A) versus cancer (B) using MRI.
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Fig.1. Sample of breast non-cancer (A) versus cancer (B) using MRI

3.2. Identification of Brain Tumor

This suggested approach will yield results faster and
more accurately by using CT and MRI image data sets in
combination with other tests to detect some of the extreme
typical signs of a brain tumor, such as diminished hearing
(acoustic neuroma) and altered vision (a lack of vision). The
goal is to identify brain tumors as soon as possible and stop
growing them before they become apparent. Convolutional
neural networks (CNNs) with the LeNet-5 architecture were
chosen as the first model. The model was composed of six
layers: the Flatten, Conv2D, Dropout, Activation Func-
tions, Dense, and Max Pooling layers. All of these layers
also included the Max Pooling Layer. The categorical cross-
entropy combined with ReLU along with soft-max activa-
tion techniques was applied to both the activation and the
loss function. Fig. 2 shows sample of brain tumor (A) versus
non-tumor (B) using MRI.

Fig. 2. Sample of brain tumor (A) versus non-tumor (B) using MRI

3.3. Identification of Skin Cancer

Skin cancer has emerged as one of the most significant
challenges in the field of healthcare worldwide, leading to
the development of several technological approaches for its
diagnosis and prevention. Approaches based on machine
learning can be found, but they solely focus on identifying
whether or not the user has been diagnosed with skin cancer.
Aside from such functionality, those systems do not have
any other features. Therefore, the primary objective of put-
ting this system into operation is to take cancer detection
to a higher level by not only assessing whether or not there
is skin cancer but also identifying the specific kind of skin
cancer that may be present. The reason for this is that, in

contrast to other forms of cancer, skin cancer may be classi-

fied into multiple subtypes, and the symptoms and therapies

for each subtype of skin cancer are significantly different.

Therefore, determining whether or not the person has
skin cancer is not sufficient at this point. As a result, regard-
ing skin cancer, it is essential to know the precise form of
cancer that the person has been detected with. The three can-
cer types that have the highest chance of being identified
for that particular submitted image of the skin tumor will
be identified by this model if it concludes that the provided
image is skin cancer. Upon completion of that stage, none
of the existing systems contain any features. The user can
keep track of their cancer’s progress and show patients the
cancer’s current state as it spreads or contracts. This new
capability is available in this system when the user has rec-
ognized the sort of cancer that they have. Monitoring the
cancer consistently until it is entirely treated is an essential
component, as the danger persists even after identification.

This approach will be used most of the time to achieve
four primary goals as follows:

e In order to determine the level of risk, it is recommended
that users provide answers to certain questions. Here are
the results of the skin cancer diagnosis. In addition, you
should give comments and directions based on the points
that customers get.

e In order to evaluate whether a tumor is skin cancer or
not, it is necessary to do a scan of the region of the tu-
mor. If the tumor is considered cancer, it is necessary to
identify the three forms of cancer that have the greatest
likelihood of being identified.

e When the user is diagnosed with skin cancer, it is neces-
sary to regularly monitor the region of the cancer that has
been identified by comparing the scanned photos. Addi-
tionally, it is important to provide the patients with the
live status of their disease, which includes whether it has
grown or diminished.

e Here is a separate part where you may learn more about
skin cancers, including their symptoms and the ways to
prevent them. Table 1 shows the skin cancer types with a
number of images.

Table 1
Skin cancer types with a number of images
Types of skin cancer Number of images
Actinic Keratoses 351
Basal cell carcinoma 521
Benign keratosis 1000
Dermatofibroma 125
Melanocytic nevi 6700
Melanoma 1100
Vascular 242

Overcoming the imbalanced data for each form of cancer
was the main hurdle when utilizing this dataset. Construct-
ing the model using data such as this would skew it toward
a single form of cancer. Additionally, the limited quantity
of data presented a barrier as well. We used data augmen-
tation to overcome these challenges. The dataset has been
increased to include approximately 40,000 photos in total,
with nearly 6,000 images for each form of cancer. After aug-
menting the data, this expansion took place. The following is
an example of a snapshot of the dataset. Fig.3 shows sample
of skin cancer types.

The constructed model divides skin lesions into seven
distinct categories. The construction of the model utilized
MobileNet CNN as the architecture. A recently developed
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Fig. 3. Sample of skin cancer types

library known as Tensorflow.js was used to convert and
run this model in the browser. The model includes multiple
layers such as the ZeroPadding2D Layer, Conv2D Layer,
Batch Normalization Layer, ReLu Activation DepthwiseC-
onv2D Layer, and Dense Layer. The Adam Optimizer and
the Categorical Cross-entropy Loss Function have been
used in this process. Categorical cross-entropy has been
used in this process. Dense and SoftMax activation have
also been utilized.

3.4. Identification of Lung Cancer

Together with the location in which they are located,
cancers may take on a variety of forms. During the research
process, researchers separate the classified portion by catego-
rizing tumors based on their features. The four most com-
mon types of malignancies seen all over the globe are lung
cancers. Lung cancer is responsible for a significant number
of fatalities that are associated with cancer. The time it takes
to discover cancer indicates that delayed treatment may be
a major factor in the rise in the death rate. This is a shock-
ing reality. The great prevalence of smoking behaviors and
the widespread pollution of the air across the globe are two
additional factors that contribute to the development of lung
cancer. As part of the investigation into the disease, there are
some symptoms that are particular to lung malignancies that
indicate that the individual has a tumor in their lung. Chest
discomfort, dyspnea, exhaustion, supraclavicular lymphad-
enectasis, pain from metastasis, and fever are some of the
indications linked to lung cancer. It is possible that the symp-
toms described above are more prevalent among individu-
als who are attempting to determine whether or not they are
likely to be lung cancer patients. Individuals in stage IV may
exhibit symptoms that include a greater proportion of chest
discomfort, shortness of breath, dyspnea, weight loss, and ex-
haustion. These symptoms may differ from those experienced
by individuals of various ages. Along with sexual behavior
and certain smoking behaviors, these symptoms may take on
avariety of forms. Constructing machine learning models us-
ing the specified features can predict the presence or absence
of lung cancer. The accuracy of this model would be supe-
rior to that of older models since it would concentrate just on
certain forms of data, such as numerical or visual data. Both
kinds of datasets were discovered throughout the process of
collecting data for this procedure by the study data gathering
effort. Fig. 4 below shows sample of lung non-cancer (A)
versus cancer (B) using MRI and the flow of the data process
is shown in the Fig.5 that can be seen below.

Fig. 4. Sample of lung non-cancer (A) versus cancer (B) using MRI

Dataset ‘
Feature ‘
Extraction!

bbb L

Splitting ’
data

[ Train N]achine ‘
Learning Model

[ Result Evaluation ]

Fig.5. Flow chart of lung cancer detection

The recognized properties that may be used in the de-
velopment of the model are the features that have been ex-
tracted. When you have finished picking characteristics, you
should next continue with preprocessing the data in order to
eliminate any error or null value. This will result in a reduc-
tion in the accuracy of the machine learning model. A num-
ber of different categorization strategies have been used for
this numerical dataset. There are a number of different clas-
sification methods, some of which are linear regression, ran-
dom forest classification, K-neighbors Neighbors Classifier,
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decision tree classification, gradient boosting classification,
XGB classification, and support vector classification. When
these classification approaches are taken into consideration,
the Random Forest Classifier and the XGB Classifier pro-
duce the best results. From this point on, XGB will choose
it since its performance is superior to that of the random for-
est classifier. Following this, give careful consideration to
the alternative model that is dependent on the image data-
set. Convolutional neural networks, sometimes known as
CNN:gs, are techniques that are utilized for the categorization
of images [9]. In addition to this approach, the following
are some alternative algorithms that will be assessed: Past
research indicates that the VGG-3 version will provide more
accurate findings. The VGG-3 version will be used for fur-
ther study. There is also the possibility of using the Keras
sequential model for this image classification model. The
Keras sequential model can achieve accuracy. Using ensem-
ble learning models that incorporate both image and numeri-
cal data can achieve the goal of accurately recognizing lung
malignancies. Both models and the approach that has been
followed must be considered to accomplish this target. Dur-
ing the discussion of the challenges that need to be over-
come, it was revealed that there might be some problems
with the pre-processing of the data, but these problems were
resolved. To determine the correctness of these models, it is
necessary to analyze the predictions made by these models
using actual data. To determine whether or not the system is
capable of being used in medical settings, the predicted data
should be compared from a relevant viewpoint.

4. Results and discussions

4.1. Breast Cancer Detection

The accuracy of the decision tree classifier was in the
range of 95.3 %. When the models were applied to test data
and recorded on a confusion matrix, the Random Forest
Classifier achieved an accuracy rating of 96.7 %. As a result
of comparing the accuracy of the random forest classifier to
that of the training classifier, it is evident that the random
forest classifier is the superior option for testing models. Ta-
ble 2 below reveals the testing accuracies for breast cancer.

Table 2
Testing Accuracies
Algorithm Accuracy (%)
Decision Tree Classifier 95.3
K-Neighbors Classifier 94.2
Logistic Regression 94.0
Random Forest Classifier 96.7

4.2. Brain Cancer Detection

A combination of binary and categorical cross-entropy
functions was used in order to arrive at the following conse-
quences: Based on the findings, the categorical cross-entro-
py function with 23 epochs produced the greatest accuracy
(98 %) of all of the methods tested. Table 3 below reveals
the accuracy attained by varying the number of epochs and
loss functions; moreover, Fig. 6 and Fig. 7 have been seen as
metrics of the brain tumor model’s accuracy and model loss
metrics for brain tumors, respectively.

4.3. Skin Cancer Detection

By the time it reached 30 epochs, the model had an out-
standing accuracy rate of 97.8 %, and this was accomplished
by utilizing categorical cross-entropy functions. Table 4 be-
low shows the accuracy of the loss function.

Table 3
Accuracy attained by varying the number
of epochs and loss functions

Loss Function Epochs Accuracy (%)
Binary Cross-entropy 10 96.2
Categorical Cross-entropy 20 97.6
Categorical Cross-entropy 30 98.2
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Fig. 6. Metrics of the brain tumor model’s accuracy
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Fig. 7. Model loss metrics for brain tumors

Table 4
Accuracy of loss function
Accuracy of loss function

Loss Function Epochs Accuracy (%)
Categorical Cross-entropy 10 91.7
Categorical Cross-entropy 20 95.2
Categorical Cross-entropy 30 97.8

4.4. Lung Cancer Detection

The development of machine learning models yielded
the findings shown in Table 5 below, with the subsequent
table displaying the accuracy of each model. Random Forest
Classifier and XGB Classifier are the two algorithms that
research may choose to employ because, This study can
choose the best and most precise algorithms based on this
and the dataset that was utilized as the numerical dataset.
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Table 5

Accuracy achieved by the use of several algorithms
Algorithm Accuracy (%)
Linear Regression 62.0
K-Nearest Neighbors 92.6
XGB Classifier 99.2
Random Forest Classifier 99.2

5. Conclusion
The primary focus of this study is to develop prediction

models that achieve a high level of accuracy in predicting the
results of real diseases using supervised machine learning
methods. The examination of the results suggests that com-
bining multidimensional data with various classification,
feature selection, and dimensionality reduction approaches
might offer advantageous tools for inference in this particu-
lar area. To enhance the grouping methods and increase their
ability to anticipate additional aspects, researchers should
conduct further research in this area.
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