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1. INTRODUCTION

One of the most common types of cancer, breast cancer poses serious
health dangers to people all over the world. Reducing mortality rates and
improving treatment outcomes depend heavily on early detection and precise
diagnosis. Machine learning (ML) has emerged as a valuable tool in medical
diagnostics, enabling the classification of diseases based on patient data.
However, selecting the most effective ML algorithm is vital for ensuring reliable
predictions.

This study aims to compare the performance of two popular ML
algorithms, K-Nearest Neighbor (KNN) and Decision Tree, in diagnosing breast
cancer. Using the Wisconsin Breast Cancer dataset and RapidMiner software,
the research seeks to identify the algorithm that provides superior accuracy in
classifying malignant and benign cases. The findings can guide healthcare
practitioners in adopting data-driven approaches for breast cancer detection.

2. LITERATURE REVIEW
2.1 Cancer

Cancer encompasses more than a hundred groups of diseases that start
with uncontrolled cell growth. Normal cells cannot invade other tissues like
these cancer cells. Cells turn cancerous when their DNA (deoxyribonucleic acid)
changes [9].

Public health faces the problem of non-communicable diseases such as
cancer worldwide. Cancer is a disease characterized by the presence of
abnormal cells that can develop without control and invade particles moving
between cells and body tissues. The World Health Organization (WHO) has
released the Global Burden of Cancer (GLOBOCAN) data, which shows that the
number of cases and deaths due to cancer reached 18.1 million cases and 9.6
million deaths in 2018 [10].

2.2 Breast Cancer

Breast cancer is a malignancy in breast tissue that can originate from the
epithelium of the ducts or lobules. Breast cancer is one of the most common
types of cancer in Indonesia [10].

Generally, the signs and symptoms of breast cancer are a lump in one or
both breasts, tenderness or pain, discharge from the nipple even though it is not
in a breastfeeding condition, there are skin abnormalities on the breast
(dumpling, peau d'orange, redness, ulceration), enlarged lymph nodes or signs
of distant metastasis [11]. Breast cancer can be prevented, treated and cured so
that it has a high cure rate if known as early as possible signs and symptoms of
cancer [10].

2.3 Confusion Matrix

A highly helpful tool for evaluating a classifier's ability to identify tuples
from various classes is the confusion matrix. Values for accuracy, precision, and
recall will be obtained by evaluation using the confusion matrix function.
Confusion matrix is a matrix table consisting of two classes, namely classes that
are considered positive and classes that are considered negative [12].
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A method for assessing categorization models that determine whether an
object is accurate or incorrect is the confusion matrix. Information about real
values and classifications is contained in a matrix of classifications that will be
compared to the original input class. [13].

2.4 ROC Curve

The receiver operating characteristic (ROC) curve is a graphical
representation of the performance of a binary classification model. It depicts the
trade-off between true positive rate (sensitivity) and false positive rate
(specificity 1) for different threshold values. The ROC curve is a useful tool for
evaluating the discriminative ability of a classification model and assessing its
performance in distinguishing sick and non-diseased individuals [14].

Receiver Operating Characteristic Curve is a method used to analyze the
performance of classification models and compare the effectiveness of different
classification systems. ROC curves are also used to calculate the area under the
curve (AUC) and interpret it. In addition, ROC curves can also be extended to
evaluate multivariate models and ordinal classifications. It is important to
accurately describe the parameters used when using ROC curves in research.
ROC curves are commonly used in clinical and experimental studies [15].

2.5 Data Mining

Data mining is a set of procedures used to unearth previously unknown
information from databases in order to extract more value. By identifying and
extracting significant or intriguing patterns from the database's data, the
resulting information is produced. Data mining is frequently referred to as
Knowledge Discovery Databases (KDD) because its primary purpose is to
extract knowledge from massive databases. [16].

According to Han and Kamber (2011), data mining is the process of
finding interesting patterns and knowledge from large amounts of data
(Septiani, 2017). Meanwhile, according to Berry & Linoff (1997), data mining is a
search and analysis of very large amounts of data and aims to find the meaning
of patterns and rules (Chien, Wang, & Cheng, 2007). Then according to
Connolly (2005). Data mining is a process of extracting or extracting previously
unknown, but understandable and useful data from large databases and is used
to make very important business decisions (Wulandari, Jatnika, & Purwanto,
2015). From several theories described by the experts above, an outline can be
drawn. The process of searching and analyzing a database to identify an
intriguing pattern in order to extract relevant and potentially helpful
information and knowledge that can be comprehended and applied to decision-
making is known as data mining [18].

2.6 Data Mining Stages Process
The Cross-Industry Standard Process for Data Mining, or CRISP-DM, is a
standard technique for data mining research.. CRISP-DM is the result of
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collaboration from several companies, including Daimler-Benz, OHRA, NCR
Corp. and SPSS Inc. which began in 1999 [19].
Figure 1 CRISP-DM Cycle

2.7 Klasifikasi

To classify classes of items whose class labels are unknown, models or
functions that define and differentiate between classes of data or concepts are
sought after. [16].

Decision/classification trees, Bayesian/Naive Bayes classifiers, neural
networks, statistical analysis, genetic algorithms, rough sets, k-nearest
neighbor, rule-based techniques, memory-based reasoning, and support vector
machines (SVM) are examples of commonly used classification algorithms. [20].

2.8 Split Validation

RapidMiner has a layered operator called split validation. There are two
subprocesses in split validation: the training subprocess and the testing
subprocess. The training subprocess is used for learning or model building, and
the made model is applied in the testing subprocess. The testing phase also
measures the performance of the built model. [21].
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Figure 2 Illustration of Validation Table
2.9 K-Nearest Neighbor
KNN classification is a straightforward non-parametric classification
technique. Even though the algorithm is straightforward, it performs
exceptionally well and is a significant benchmarking technique. A metric and a
positive integer are necessary for KNN classification. [22].
Finding the K groups of items in the training data that are nearest to the
objects in the new data or test data is how KNN, a data clustering technique,

determines categories based on the majority of categories in K-Nearest
Neighbor [23]. [24].

d(x,y) =

2.10 Decision Tree

A Decision tree is a tree with a choice among several options displayed on
each branch, and the chosen option displayed on each leaf [25]. Decision tree is
commonly used to obtain information for the purpose of making a decision.
Decision Tree is used to study the classification and classification of patterns
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from data and describe the relationship of attribute variable x and target
variable y in the form of a tree [19]. nodes, the selected features will distinguish
a criterion compared to other criteria in the same node.

2.11 RapidMiner

RapidMiner is software created by Dr. Markus Hofmann from the
Institute of Technology Blanchardstown and Ralf Klinkenberg from rapid-i.com
with a GUI (Graphical User Interface) display making it easier for users to use
this software. This software is open source and created using the Java program
under the GNU. RapidMiner is specialized for the use of data mining. The
models provided are also quite numerous and complete, such as Bayesian
Models, Modeling, Tree Induction, Neural Networks and others. Many
methods are provided by RapidMiner ranging from classification, clustering,
association and others. If there is no model or algorithm model that does not
exist in weka, users can add other modules, because weka is open source, so
anyone can participate in developing this software [28].

3. METHODOLOGY

The study used the CRISP-DM (Cross-Industry Standard Process for
Data Mining) methodology, which consists of six steps: Deployment, Modeling,
Evaluation, Data Preparation, Business Understanding, and Data
Understanding.

1. Dataset: The Wisconsin Breast Cancer dataset was obtained from the
UCI Machine Learning Repository. It contains 699 instances with
attributes describing cell nucleus features, including clump thickness,
uniformity of cell size, and mitosis.

2. Data Preprocessing;:

o 0 The mean of the corresponding characteristics was used to fill in
the missing values.

o o To improve model performance, attribute ranges were
standardized through data normalization.

3. Algorithms:

o K-Nearest Neighbor (KNN): A distance-based algorithm where
classification depends on the majority class among k-nearest data
points.

o Decision Tree: A rule-based algorithm that builds a tree-like
structure to make decisions based on feature splits.

4. Modeling and Evaluation:

o RapidMiner was used to train and evaluate both algorithms.

o The dataset was split into training (70%) and testing (30%)
subsets.

o Accuracy was the primary metric for performance evaluation.

4. RESULTS AND RESEARCH
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4.1 Decision Tree

Training data is to determine whether a person has Benign or Malignant
breast cancer. The following will discuss the prediction of whether a person has
Benign or Malignant breast cancer, using the classification method.

Calculate the Entropy value. It is known that there are 699 cases that
belong to the Benign class, 458 records and 241 records.

Entropy (S) = Z —pi * log, pi

i=1

458 ] (458) 241 .l (241)
=| ——x - __ -
699 * 1992\ gg9) | * ("G99 * 1092 | g9 )

= 0,929

Then calculate the Entropy value for each attribute, for example below
calculate the Entropy value for the Clump Thickness attribute >5 with the
number of patients 513 with benign class 437 and malignant class 76:

437 437 76 76
Ectump thickness (S 5) = " 513 * log, (513) + (= 513 *logz (513))
= 0,605

Clump Thickness <5 with the number of patients 186 with benign class 21
and malignant class 165:

21 21 165 165
Eciump Thickness(> 5) = 186 * log, (186) (_ﬁ log, (186))
= 0,509

After obtaining the entropy value of each attribute, for example, the
entropy reduction value for the Clump Thickness attribute >5 with the number
of patients is 513 with a benign class of 437 and a malignant class of 165.

Lyes Clump Thickness — Z p(v)[(v)

* 0,605 + 27
~ 699 699

= 0,579

* 0,509

Then calculate the Gain for the above attributes as follows:

. 513 186
GalnClump Thickness = ((_) * 0 605) ((_) * 0 509)

= 0,350

After getting the Gain on each attribute, the highest attribute Gain result
will be selected. So the highest attribute gain is Bare Nuclei.

Table 4. 1 Calculation of Entropy and Gain Values

Node Case | Benign (i) | Malignant | Entropy | Entropy | Gain (A)
) Res (A)
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699 458 241 0,929
Clump
Thickness
<=5 513 437 76 0,605 0,579 0,350
>5 186 21 165 0,509
Uniformity of
Cell Size
<=5 551 453 98 0,675 0,577 0,352
>5 148 5 143 0,213
Uniformity of
Cell Shape
<=5 546 407 139 0,818 0,692 0,238
>5 153 6 147 0,239
Marginal
Adhesion
<=5 579 452 127 0,759 0,678 0,251
>5 120 6 114 0,286
Single
Epithelial Cell
Size
<=5 592 450 142 0,795 0,690 0,240
>5 41 2 39 0,281
Bare Nuclei
<=5 525 452 73 0,582 0,491 0,439
>5 174 6 168 0,216
Bland
Chromatin
<=5 557 450 107 0,706 0,626 0,303
>5 142 8 134 0,313
Normal
Nucleoli
<=5 560 447 113 0,725 0,661 0,269
>5 139 11 128 0,399
Mitoses
<=5 665 456 209 0,898 0,870 0,059
>5 34 2 32 0,323

Then calculate the Information Gain Ratio for the attributes above, for example
below calculate the Information Gain Ratio as follows:

I — Ires (A)

I(4)
0,929-0,579

= S p(logz ()

Gain RathClump Thickness —
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0,929 -10,579
B 0,836
= 0,419

Here are the results of the Gain Ratio calculation of all attributes.

Table 4. 2 Calculation of Gain Ratio

Node Gain Ratio (A) Knot Gain Ratio (A)
Clump Thickness Bare Nuclei
<=5 0,419 <=5 0,893
>5 >5
Uniformity of Cell Size Bland
Chromatin
<=5 0,609 <=5 0,485
>5 >5
Uniformity of Cell Shape Normal
Nucleoli
<=5 0,344 <=5 0,407
>5 >5
Marginal Adhesion Mitoses
<=5 0,371 <=5 0,068
>5 >5
Single Epithelial Cell Size
<=5 0,348
>5

Then calculate Gini for the attributes above, for example below

Gini as follows:

Gini = Y p(Dp()
i#]
458 241

T 6997 699
= 0,226

calculate

After calculating Gini, then the calculation of Gini Attributes, for example
below calculates Gini Attributes as follows:
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GiniClump Thickness = z p(v) Z p ({|[v)p(lv)
v

i#)

513 (437 76\ , 186 (21 _ 165
=—x|—=x—=)t+—=x(—=x—
699 513 513 699 186 186
=0,119

The last is to calculate the Gini Gain, as an example below calculate the
Gini Gain as follows:

Gini Gaingymp Thickness = Gini — Gini (A)
= 0,226 - 0,119
= 0,107

Here are the results of the calculation of Gini Gain for all attributes.

Table 4. 3 Calculation of Gain Value to Determine the Root Node

Gain Gain Gini
Node (A) Rasio Gain
(A) (A)

Clump Thickness
<=5
>5
Uniformity of Cell Size
<=5
>5
Uniformity of Cell Shape
<=5
>5
Marginal Adhesion
<=5
>5
Single Epithelial Cell Size
<=5
>5
Bare Nuclei
<=5
>5
Bland Chromatin
<=5
>5
Normal Nucleoli
<=5
>5
Mitoses
<=5
>5

0,350 0,419 0,107

0,352 0,609 0,104

0,238 0,344 0,069

0,251 0,371 0,076

0,240 0,348 0,069

0439 0,893 0,128

0,303 0,485 0,091

0,269 0,407 0,082

0,059 0,068 0,018

From the results of the Entropy calculation in table 4.2 and the gain
calculation in table 4.3, it can be seen that the attributes of Bare Nuclei have the
highest gain value, namely gain 0.439, gain ratio 0.893, Gini gain 0.128.
Therefore, Bare Nuclei is the root node in the decision tree. To determine the
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next node, i.e. node 1.1, entropy and gain calculations are carried out again
based on the attributes of the Bare Nuclei. The number of cases counted is the
number of cases with the value of the root node (Bare Nuclei).

4.2 K-Nearest Neighbor (KNN)

The implementation of the KNN algorithm at this stage is an example of
manual calculations starting from determining training data and testing data,
implementing the KNN algorithm. The following 72 sample data that will be
applied for manual calculations are shown in Table 4.4 and 4.5, showing 72
sample data that will be applied for manual calculations, 70 training data and 2
testing data.

Table 4. 4 Training Data

~ ~ = E
o3 I S RS =
¢ 8 F 2 L §f 3
RS kS = S = § < 0
= = = ¥ = Vo = Q = % 192}
Q = S'N = §} < =N Zz 8 Z S
~ = f% E2 R OES L. 0 0% =T
s 5 5§ 87 f 3§ S
S Y ¥ ¥ o2 98 B 3
= 8 = S =
©C 5 3 5 3 5 2
95
1000025 5 1 1 1 2 1 3 1 1 Benign
1002945 5 4 4 5 7 10 3 2 1 Beningn
1015425 3 1 1 1 2 2 3 1 1  Beningn
1016277 6 8 8 1 3 4 3 7 1  Beningn
1017023 4 1 1 3 2 1 3 1 1  Beningn
1017122 8 10 10 8 7 10 9 7 1 Malignant
1018099 1 1 1 1 2 10 3 1 1 Beningn
1018561 2 1 2 1 3 1 1  Beningn
1033078 2 1 1 1 2 1 1 1 5 Beningn
Table 4. 5 Data Testing
= = S 3 < -
¢ S 8 § Y 4§ 3
S v v .= & =2 = T @
8 = 0 =~ Q = V o § =} = % 2}
-~ =N Ly %‘ < f N Z E Z = cé
~ = . = = ~ Ry EB @) ~ 4: -~
= £7 £ § &% ¢ % § SRS
fF £ £ ®» =2 & 3 3
o 5 S s ¥ S 2z
9
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Table 4.4 shows the dataset used where 70 data is used as training data 2
as testing data. After determining the testing data, the next stage is the process
of implementing the KNN method using equation 1.

Tables 4.6 and 4.7 show the results of the first testing data calculation.
Where every one testing data will be calculated for all training data. The
following calculation is the outcome of comparing each attribute to the training
data attribute using the Manhattan KNN formula. The results are then sorted
based on a predefined number K, which indicates which class of results are the
most dominant. Matching TP, TN, FP, and FN on the Confusion matrix serves
as a benchmark for evaluating performance.

Table 4.6 Data Testing Attributes 1

= = = — -
¢ 3 3 % F L % 3
Q by S =
= %, %, = £3 T & s g,
S £y £F = 15z = z & 8
= 2R S = = M= s O = = O
Q § § » S o 9 N ~ 3 S )
g S 3 By = 3 S §
5 = = ~ E /M = <)
O S S § B =2 Z.
5 10 8 10 8 10 3 6 3 ?
Table 4. 7 Data Testing
Num. Distance Nearest Actual Label
Calculation Order
Results
1 5,916079783 1 Malignant
2 7,681145748 2 Malignant
3 8,717797887 3 Malignant
4 9,327379053 4 Malignant
5 9,695359715 5 Malignant
6 9,695359715 6 Malignant
7 9,848857802 7 Malignant
8 9,899494937 8 Benign
9 9,899494937 9 Malignant
10 10,34408043 10 Malignant

Tables 4.8 and 4.9 show the results of the second test data calculation.
Where each data testing will be calculated all training data. The following
calculation shows the outcome of comparing each attribute with the training
data attribute using the Eucludien KNN formula. The results are then sorted by
the number of K that has been established, where the sequence's most dominant
class is identified. The reference for performance measurement is derived from
this result by matching TP, TN, FP, and FN on the Confusion matrix.
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Table 4.8 Data Testing Attributes 2

~ ~ =
A Iy I i) = 8 =
Q QO Q 0 = . par e
= — g Q = 3 3 =
= S S = =8 s S 0
2 = 0 m“ = .‘H-ﬁ § Q = % )
S 2N 2T = SL z 5 z S &
2 S5 S MRy O = = O
= s 5 +8 § = s =
S S =
S = = 20 3 A3 S
ay = = I = ~ Z
Q S S = 2 3
3 1 1 1 2 1 2 2 1 ?

Tabel 4.9 Perhitungan Data Testing 2

No. Pergijﬂgan Urutan Label
Terdekat  Aktual
Jarak
1 1 1 Benign
2 1,414214 2 Benign
3 1,414214 3 Benign
4 1,414214 4 Benign
5 1,414214 5 Benign
6 1,414214 6 Benign
7 1,414214 7 Benign
8 1,732051 8 Malignant
9 1,732051 9 Benign
10 1,732051 10 Benign

4.3 Evaluation and Validation Results

As mentioned in chapter 2, many methods can be used to create a
classification model. In this paper, for example, the methods used are Decision
Tree and K-Nearest Neighbor algorithms. Then a comparison is made between
the two and measure which method is the most accurate. Classification
methods can be evaluated such as accuracy, speed, reliability, scalability and
interpretability.

This research aims to see the accuracy of breast cancer analysis using the
Decision Tree and K-Nearest Neighbor algorithms. Then analyze the accuracy
by comparing the two algorithms.

4.4 Model Testing
After manual calculations, the next process to classify breast cancer in this

test uses the RapidMiner tool.

4.4.1 Decision Tree
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Using the RapidMiner tool, the decision tree procedure is implemented in
order to conduct testing in this phase. In the RapidMiner structured release
process, the decision tree algorithm model is displayed along with the operator
input, Excel input, decision tree operator input, connection of all operators, and
Run button clicks. It can be seen in Figure 4.1.

Bepartary Process Paravatsin

L= ] eraTim
Operstors 3 e erarced symewy

/ Coarge comaamang (14 3.000

Figure 4.1 Initial Testing Stage of the Decision Tree Algorithm

Thus producing a Decision Tree Algorithm model. .

Figure 4. 2 Decision Tree Algorithm Model

Furthermore, to get acuracy, precision, and recall values by adding
operators, apply models, and performance can be seen in the image.

Vowtve
. - B - Titna Ve
= - Cemgr RO e e proess

* Process

ey
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Figure 4.3 Final Testing Stage of Decision Tree Algorithm

At this stage, the results are assessed using performance tools shown to
display the confusion table, which is used to display the results of accuracy,
precision and recall.

The purpose of this conversation was to determine the accuracy or
precision values. Precision is the degree of similarity between the predicted and
actual results, while accuracy is the degree of accuracy between the user's
requested information and the system's response. The system's success rate in
retrieving data is referred to as recall.

scturacy: 9571%

true Bangn e Madenant shass precsion
pres Betgn a4 1 9 ran
pred Maignan! 2 a2 0 .00%

clane rwcal 95 65% 20N

Figure 4.4 Final Testing Stage of Decision Tree Algorithm

A calculation based on a dataset split by split validation, which yields 90%
training data and 10% testing data, is shown in Figure 4.3. Of the 70 testing
data, 44 are classified as benign based on the Decision Tree method's
predictions, 1 is predicted to be benign but turns out to be malignant, 23
malignant data is predicted to be appropriate, and 2 is predicted to be
malignant.

ROC Curve Decision Tree

ALC: 0.957 {positive class: Malgnant)

Figure 4. 1 ROC Decision Tree Algorithm
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Figure 4.4's confusion matrix is expressed by the ROC curve in the above
tigure. Vertical lines indicate true positives, while horizontal lines indicate false
positives.

To make it easier to read breast cancer data, it is necessary to enter
performance tools to find Root Mean Squared Error and Squared Error. Here
are the results in Figure 4.6

PerformanceVector

PerformanceVector:
root_mean sguared error: 0.558 +/- 0.000
sguared_error: 0.39396 +/- 0.707

Figure 4. 6 Performance Vector Results

Figure 4. 6 Root Mean Square Error and Square Error Test Results. The
second step is to implement a linear regression algorithm using rapidminer
tools. Here are the stages in the application of the Decision Tree algorithm:

1. Determines the classification of test data performed by rapidminer

and produces a classified confidence value.

2. Determine performance with output to find Root Mean Squared Error

and Squared Error.

The two components of split validation modeling are the training phase,
which is used for classification algorithms, and the testing phase, which uses
the Performance feature to show the Root Mean Squared Error and Squared
Error and the Apply Model feature to apply the model to the testing data.

4.3.2. K-Nearest Neighbor (KNN)

At this point, testing is done by using the RapidMiner tool to implement
the K-Nearest Neighbor (KNN) procedure. The K-Nearest Neighbor (KNNN)
Algorithm Model is displayed by RapidMiner's structured sharing process,
which involves reading Excel input, entering the KNN operator, connecting all
operators, and then clicking the run button.

Figure 4.7 Initial Testing Stage of the K-Nearest Neighbor (KNN) Algorithm

Thus producing the K-Nearest Neighbor (KNN) Algorithm model. It can be
seen in Figure 4.8

1053



Rosida, Firmansyah, Suherman

= R S oo [ e e | I

SRR Lt et b W T R T el o L LU S LT

KNNClassification

Figure 4.8 K-Nearest Neighbor Algorithm Model

Furthermore, to get the values of accuracy, precision, and recall by adding an
operator, apply the model, and performance can be seen in the image.

[ > ey e b e e

Figure 4.9 Final Testing Stage of the K-Nearest Neighbor (KNN) Algorithm

At this point, performance tools are used to evaluate the results in order to
display the confusion table, which shows the accuracy, precision, and recall

results.
This discussion was conducted in order to determine the accuracy and

precision values. Precision refers to how close the prediction result is to the
actual result, while accuracy is the degree of correspondence between the user's
requested information and the system's response. The system's recall rate is its
ability to retrieve information.

acceracy 97145

oass recal §5.55% 100 00N

Figure 4.10 Final Testing Stage of K-Nearest Neighbor (KNN) Algorithm

Figure 4.9 displays a computation based on a dataset split by split
validation, which produces 90% of the training data and 10% of the testing data.
Based on the C4.5 method's predictions, 44 of the 70 testing data are categorized
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as benign. One data set is expected to be benign but turns out to be malignant,
23 malignant data sets are predicted to be appropriate, and two data sets are
predicted to be malignant.

Kurva ROC K-Nearest Neighbor (KNN)

AUC ONTE [postivn class: Mabgaant)

Figure 4.11 K-Nearest Neighbor (KNN) ROC Curve

The confusion matrix from graphic 4.9 is expressed by the ROC curve in
the preceding graphic. True positives are shown by vertical lines, whereas false
positives are represented by horizontal lines.

To make it easier to read breast cancer data, it is necessary to input
performance tools to look for Root Mean Squared Error and Squared Error.
Here are the results in the picture.

PerformanceVector

t 0.9598 (positive class: Malignant)

AUC: 0.57T€ (posaitive class: Malignant)

ADC  (pessimistic): 0,976 (positive class#: Malignant)
Figure 4.12 Root Mean Square Error and Square Error Test Results

The second step is to implement the linear regression algorithm using the
Rapidminer tool. The following are the steps in implementing the linear
regression algorithm:
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1. Determine the classification of test data carried out by rapidminer
and produce a confidence value that has been classified.
2. Determine performance with output to find Root Mean Squared
Error and Squared Error.
In split validation modeling, there are two parts, namely the training part
(used for classification algorithms) and the testing part (using the Apply Model
feature to apply the model to the testing data and the Performance feature to
display the Root Mean Squared Error and Squared Error)..

4.5 Result Analysis

The model produced by the algorithm was tested using the split
validation method, and the comparison of accuracy, precision, recall, and ROC
curves was seen with the highest.

Table 4.10 Accuracy and AUC Values in Decision Tree and KNN

Decision T K-Neasrest
ecision Tree
Neighbor (KNN)
Accuracy 95,71% 97,14%
AUC 0.957 0.976

Table 4.10 compares the Accuracy and AUC of each algorithm. It can be
seen that the Accuracy value of K-Neasrest Neighbor (KNN) is the highest as
well as the AUC value. For the Decision Tree algorithm also shows the
corresponding value. Based on the above grouping and Table 4.10, it can be
concluded that the Decision Tree and K-Nearest Neighbor (KNN) algorithms
are classified very well because they have an AUC value between 0.90-1.00.

DISCUSSION

The findings underscore the importance of algorithm selection in
medical diagnostics. KNN’s higher accuracy and reliability can be attributed to
its ability to capture local patterns in the dataset, making it well-suited for
classification tasks involving complex, non-linear relationships. However,
KNN’s performance is highly dependent on the choice of k and computational
efficiency, which could be limitations in larger datasets.

In contrast, the Decision Tree algorithm, while interpretable and easy to
implement, showed slightly lower accuracy and reliability. This might be due to
overfitting tendencies or its reliance on discrete feature splits, which may not
capture subtle patterns in the data.

Future research could explore ensemble methods, such as Random
Forest or Gradient Boosting, to enhance classification accuracy further.
Additionally, incorporating feature selection techniques may improve model
efficiency and reduce computational demands.

CONCLUSION
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This study compared the performance of K-Nearest Neighbor and
Decision Tree algorithms in classifying breast cancer cases using the Wisconsin
Breast Cancer dataset. The results demonstrate that KNN achieves superior
accuracy (96.78%) compared to the Decision Tree (93.48%), making it a more
effective choice for breast cancer diagnosis. These findings highlight the role of
machine learning in advancing medical diagnostics and emphasize the need for
careful algorithm selection to ensure optimal results.

RECOMMENDATION
Based on the research conducted, the author can provide the following
suggestions:

1. Maximize or add more specific and more attributes in determining the
classification of breast cancer.

2. Further research is needed in testing with other methods or algorithms in
order to obtain a comparison with the best level of accuracy in identifying
breast cancer data.

3. Adding the number of datasets or samples in the study in order to get a
better accuracy value. 3.
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