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ABSTRACT

Cancer remains the primary cause of mortality in
developed nations and ranks second in developing
countries. According to 2018 data from the Global
Cancer Observatory, Indonesia recorded a cancer
incidence rate of 136.2 per 100,000 people, placing it
8th in Southeast Asia and 23rd across Asia. Among
women, breast cancer had the highest incidence rate
at 42.1 per 100,000, with a mortality rate averaging 17
per 100,000, while cervical cancer followed at 23.4 per
100,000 incidence and 13.9 per 100,000 mortality.
Many patients assume that once breast cancer is no
longer detectable in the body, it will not return yet
recurrence is a real possibility that remains poorly
understood by the public. Breast cancer is among the
most common cancers affecting Indonesians,
especially women, and is generally classified into two
forms: benign (non-cancerous) and malignant
(cancerous). This study aims to identify an accurate
algorithm for analyzing breast cancer datasets,
generate insights into patterns or models that support
early detection, and compare the performance of two
classification algorithms Decision Tree C4.5 and K-
Nearest Neighbor (KNN) in classifying breast cancer
cases. The research follows the Cross-Industry
Standard Process for Data Mining (CRISP-DM)
methodology. The central question guiding this study
is which of the two algorithms delivers higher
classification accuracy and greater utility for
identifying patterns relevant to early breast cancer
detection. Findings from the CRISP-DM analysis
revealed that KNN outperformed the Decision Tree
C4.5 model, achieving an accuracy of 97.14% and an
AUC score of 0.976, indicating excellent classification
performance (AUC values between 0.90 and 1.00 are
considered very good).
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INTRODUCTION

In addition to ranking first in terms of the number of cancer cases in
Indonesia, breast cancer also ranks first in terms of the number of deaths due to
cancer. One of the most common types of cancer suffered by Indonesians,
especially women, is breast cancer. An uncontrolled cell growth disease known
as cancer can spread to other organs in the body. This disease can cause death
because it is considered a dangerous level. [ 1]

According to Globocan data in 2020, there were 65,858 new cases of breast
cancer in Indonesia, which is 16.6% of the total 396,914 new cases of cancer.
However, the number of cases reached more than 22 thousand deaths. One of the
most common cancers in women around the world is breast cancer. Breast cancer
is usually divided into two types: benign, or commonly called benign, and
malignant, or commonly called malignant. Benign breast cancer is usually
characterized by small, round, soft lumps that are not cancerous. Although it can
be detected, this cancer will not spread and damage the surrounding tissues. An
asymmetrical, rough, and painful shape is a sign of malignant breast cancer.
Breast cancer usually spreads. [2]

Cancer is the leading cause of death in countries with advanced economies
and the second cause of death in countries with developing economies. Data from
the Global Cancer Observatory in 2018 shows that the incidence rate of cancer in
Indonesia (136.2/100,000 population) is 8th in Southeast Asia and 23rd in Asia.
Breast cancer, with an incidence rate of 42.1 per 100,000 population and an
average mortality rate of 17 per 100,000 population, is followed by cervical
cancer, with an incidence rate of 23.4 per 100,000 population. Many people don't
realize that breast cancer can recur again because it has disappeared from the
sufferer's body. After treatment, usually only a few cancer cells remain alive. But
at small doses, the cells are more serious problems. The disease can recur in the
chest, chest, or other parts of the body, such as bones and liver. [3]

According to data from the Global Cancer Observatory, breast cancer
accounted for 30.8% of all cancer-related deaths among women across all age
groups in 2020. This study utilizes breast cancer datasets with the goal of raising
awareness and deepening understanding of the disease, as public knowledge of
breast cancer is essential and should be widely accessible information [4]. Breast
cancer originates in the cells of breast tissue and stands as both the most
frequently diagnosed cancer among women and the foremost cause of cancer-
related deaths in women globally. [5]

Data mining has become a widely used and validated approach for
classification analysis across various fields, including medicine, finance,
marketing, and social science. In the medical domain, for instance, machine
learning techniques are applied to analyze tumor behavior in breast cancer
patients.

While various data mining techniques are available, the choice of method
must align with the specific objective of the analysis. Common examples include
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K-Nearest Neighbor, Support Vector Machine, Naive Bayes, and C4.5. The K-
Nearest Neighbor (KNN) algorithm, in particular, enables the calculation of both
accuracy and error values. Accuracy reflects the proportion of correctly classified
instances relative to the total sample size, whereas the error value indicates the
extent of misclassification measured against the same total number of samples.

[6]

A prior study conducted by Fahrurrozi and Wasilah demonstrated that the
Decision Tree classifier algorithm is capable of handling large databases
effectively for feature selection purposes. Additionally, their findings indicated
that the K-Nearest Neighbors (KNN) algorithm recognized as a suitable and
effective method for cancer analysis and diagnosis achieved an accuracy rate of
94.73%. [2].

Based on the description above, this study with the title "Classification
Analysis 2 K-Nearest Neighbor (Knn) Algorithm and Decision Tree Using
Rapidminer in Breast Cancer" will compare the K-Nearest Neighbor (KNN) and
Decision Tree methods to classify breast cancer.

METHOD

This study used the Cross-Industry Standard Process for Data Mining
(CRISP-DM) as its research methodology, a framework comprising six distinct
phases, [30]namely:

1. Research Understanding Phase

2. Data Understanding
3. Data Prepation

4. Modeling

5. Evaluation

6. Deportment

Research Understanding

The dataset used in this research is the Breast Cancer Wisconsin (Original)
dataset, obtained from the UCI Machine Learning Repository and accessed on
July 16, 2024, via the following page:
https:/ /archive.ics.uci.edu/dataset/15/breast+cancer+wisconsin+original. The
dataset comprises 699 records across 11 attributes, of which 241 instances are
classified as malignant breast cancer cases. Given the challenge posed by
insufficient accurate analytical methods for this data, the present study applies
both the K-Nearest Neighbor (KNN) and Decision Tree algorithms to perform
classification.
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RESULTS
Research Results and Evaluation

As discussed in the second chapter, researchers can utilize a wide variety
of techniques to build classification models. The focus is on applying the K-
Nearest Neighbor and Decision Tree C4.5 algorithms. While the evaluation of a
classification process can involve multiple criteria including interpretability,
scalability, reliability, speed, and accuracy the primary objective here is to
compare the two selected methods to identify which yields the highest precision.
The main goal of this research is to measure how accurately breast cancer data
can be analyzed using both the K-Nearest Neighbor and Decision Tree C4.5
algorithms. Consequently, a direct comparison was performed between these
two machine learning models to thoroughly assess their respective predictive
accuracies.

During this phase, the Decision Tree methodology is tested and
implemented utilizing the RapidMiner software. The systematic procedure for
the Decision Tree C4.5 model requires inserting a "read" operator to import data
from Microsoft Excel, adding a "Decision Tree" operator to link the entire
workflow together, and finally executing the process by pressing the run button.
This visual setup is illustrated in Figure 4.1.

Figure 4.1 Initial testing stage of the Decision Tree algorithm

o
[ . [— " Twbe Preg Ao o
> - ey - o B

This resulted in the C4.5 Decision Tree Algorithm model. It can be seen in Figure
4.2.

Figure 4.2 Decision Tree C4.5 Algorithm Model
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Figure 4.3 displays the process of extracting accuracy, precision, and recall
measurements through the addition of the "apply model" and "performance"
operators.
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Figure 4.3 The final testing step for the Decision Tree algorithm

During this phase, the results are evaluated using performance measurement
tools that generate a confusion matrix, which displays the accuracy, precision,
and recall values. The primary focus here is to determine the accuracy achieved
by each output.

Accuracy refers to how closely the predicted results align with the actual
outcomes, while precision measures how well the system's responses match the
information the user is seeking. Recall, meanwhile, reflects the system's success
rate in retrieving relevant information.

acowracy: 95T1%

true Bengn rue Maligram closs precizion
pred Barign 44 1 97.78%
proc. Madgnent 2 23 R 0%

Cass recal 95 65% 9543%

Figure 4.4 Final testing stage of the Decision Tree algorithm

Figure 4.4 presents the results obtained by splitting the dataset into 90%
training data and 10% testing data. Out of the 70 testing samples, the C4.5 method
correctly classified 44 instances as Benign. However, 1 instance predicted as
benign was actually malignant, while 23 malignant instances were correctly
identified, and 2 instances predicted as malignant were, in fact, benign.

937



Astuti

ROC Decision Tree Curve

AUC: 0,957 [positive class: Malignant)

Figure 4. 5 ROC Decision Tree Algorithm
The ROC curve shown above illustrates the confusion matrix presented in
Figure 4.5, where the horizontal axis represents the false positive rate and the
vertical axis represents the true positive rate. To facilitate the interpretation of the
breast cancer data, performance evaluation tools were incorporated to calculate
the Root Mean Squared Error and Squared Error, with the corresponding results
displayed in Figure 4.6.

Figure 4.6 Performance Vector Results

PerformanceVector
PerformanceVector:
root_mean squared error: 0.9%8 +/- 0.000

squared error: 0.996 +/- 0.707

Subsequently, the Decision Tree approach is executed within the
RapidMiner environment by adhering to the following steps:

Process the testing dataset in RapidMiner to produce confidence metrics for
every assigned class.

Evaluate the model's effectiveness by computing both the Root Mean
Squared Error and the Squared Error.

The split validation framework is separated into two distinct phases. The
first is the training phase, which is responsible for managing the chosen
classification algorithm. The second is the testing phase, where the "Apply
Model" function is utilized to evaluate the test data, and the "Performance"
function is deployed to generate the final Root Mean Squared Error and Squared
Error metrics.

K-Nearest Neighbor (KNN)

During this phase, the K-Nearest Neighbor (KNN) methodology is tested
and deployed via RapidMiner. Constructing the KNN model requires a
systematic workflow: initiating data import via the "Read Excel" operator, adding
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the K-Nearest Neighbor operator, and subsequently linking all components
together. After configuring these connected operators, the analysis is executed by
pressing the run button, a process visually depicted in Figure 4.7

-----
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Figure 4.7 Preliminary evaluation phase of the K-Nearest Neighbor
(KNN) method.

This procedure subsequently generates the final K-Nearest Neighbor (KNN)
model, which is illustrated in Figure 4.8.
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Figure 4.8 Decision Tree C4.5. Algorithm Model
Additionally, the accuracy, precision, and recall values can be obtained by
incorporating the "apply model" and "performance" operators, as demonstrated
in Figure 4.9.
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Figure 4.9 Concluding evaluation phase for the K-Nearest Neighbor (KNN)
model.

During this step, performance measurement features are utilized to construct
a confusion matrix, which displays the metrics for accuracy, precision, and recall.
The primary goal of this assessment is to establish the specific accuracy and
precision rates. In this context, accuracy indicates how well the system's output
matches the user's requested information, whereas precision measures the
exactness of the predicted classifications compared to the true data. Additionally,
recall demonstrates the algorithm's effectiveness in accurately finding and
returning pertinent data.
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Figure 4.10 Final testing stage of the K-Nearest Neighbor (KNN) algorithm
Figure 4.10 presents the results derived from splitting the dataset into 90%
training data and 10% testing data. Among the 70 testing samples, the C4.5
method correctly classified 44 instances as Benign. However, 1 instance predicted
as benign was actually malignant, 23 malignant instances were accurately
predicted, and 2 instances predicted as malignant turned out to be benign.

ROCK-Nearest Neighbor (KNN) Curve
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AUC: 0976 (postten class: Makgrant)

Figure 4.11 ROC K-Nearest Neighbor (KNN) Curve
The preceding ROC curve visually maps the confusion matrix detailed in
Figure 4.11, positioning the false positive rate along the horizontal x-axis and the
true positive rate on the vertical y-axis. To make the breast cancer dataset easier
to analyze, performance evaluation operators were utilized to compute both the
Squared Error and Root Mean Squared Error, the outcomes of which are shown
in Figure 4.12.

PerformanceVector

ConfusionMatzix:
True: Benign Malignant

Malignant: 2 24

recall: 100,.00% (positive class: MaligRnant)
ConfusionMatrix:

Banign Malignant

joprimistic) : 0,995 (positive class: Malignant)
& (positcive classs: Malignanc)

ADC (pessimistis): 0.976 (positive class: Malignamt)
Figure 4.12 Evaluation Outcomes for Root Mean Square Error and
Squared Error.

Following this, a linear regression algorithm is implemented utilizing the
RapidMiner application. The steps required to execute this linear regression
approach are as follows:

Classify the testing dataset within RapidMiner to yield confidence levels
for each categorized instance.

Configure the performance metrics to extract the Squared Error and Root
Mean Squared Error.
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In the context of the split validation framework, the workflow is divided
into two main segments. The training segment is responsible for processing the
classification algorithm. Conversely, the testing segment employs the "Apply
Model" tool to evaluate the model against the test dataset and uses the
"Performance" tool to reveal the resulting Root Mean Squared Error and Squared
Error figures.

RESULT

The resulting algorithm models were measured using the split validation
technique. To discover the most superior model, researchers compared key
metrics including accuracy, recall, precision, and the ROC curve.

A comparative analysis of the AUC and Accuracy metrics for both
algorithms is shown in Table 4.1. The findings demonstrate that the K-Nearest
Neighbor (KNN) approach yielded the highest scores across both metrics,
although the Decision Tree C4.5 also delivered competitive outcomes. Drawing
from the data in Table 4.1, it is evident that both the KNN and Decision Tree C4.5
models are highly effective for classification tasks, given that they both recorded
AUC scores in the optimal 0.90 to 1.00 bracket.

Research Implications

The assessment indicates that the K-Nearest Neighbor (KNN) model
surpassed the Decision Tree C4.5 in terms of predictive accuracy. By
implementing these two classification methods on the breast cancer dataset, it
became clear that KNN is highly proficient at correctly categorizing the
information. Consequently, the KNN approach can be considered a reliable and
practical tool for distinguishing between malignant and benign breast cancer
cases.

Evaluation and Validation

While a wide array of algorithms can be utilized to construct classification
models, as noted in Chapter 2, this research focuses strictly on the K-Nearest
Neighbor (KNN) and Decision Tree C4.5 methods. These two approaches were
contrasted to identify the most accurate model, factoring in elements like
interpretability, scalability, reliability, speed, and overall accuracy during the
classification process. The primary objective of this study is to evaluate and
directly compare the performance and accuracy of the KNN and Decision Tree
C4.5 algorithms when analyzing breast cancer data.

CONCLUSION

An evaluation of the two algorithms demonstrated that the K-Nearest
Neighbor (KNN) method reached an accuracy of 97.14%, outperforming the
Decision Tree approach, which recorded an accuracy of 95.71%. Additionally,
testing procedures involving ROC curves, Confusion Matrices, and Split
Validation indicated that the KNN model secured an AUC score of 0.976, while
the Decision Tree model achieved a 0.957 AUC score. Both of these scores
successfully fall into the "Excellent Classification" tier, though the ROC curve
analysis formally validates that the KNN method was superior. Ultimately, these
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results prove that the KNN algorithm is highly capable of data classification,
making it a suitable option for diagnosing breast cancer tumors as either
malignant or benign.

ADVICE
Drawing from the study's findings, the author proposes the following
recommendations:

1. Incorporate additional and more precise features to better distinguish
between the different categories of breast cancer.

2. Future studies should test alternative machine learning algorithms and
methods to discover even higher accuracy rates for breast cancer
identification.

3. Expand the sample size and include more datasets in future research to
further enhance the accuracy of the classification models.
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