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Abstract.

Purpose: Tuberculosis (TB) is an infectious disease that attacks the respiratory organs, the lungs, and some can attack
organs outside the lungs. Indonesia is one of the largest contributors to TB cases with around 320,000 new cases every
year. Delays in diagnosing TB disease can cause a higher number of deaths due to errors in the treatment of sufferers.
This makes the early diagnosis of TB disease important as early as possible. The research carried out aims to implement
machine learning techniques to help diagnose TB disease.

Methods: The research was carried out using the K-Nearest Neighbor (KNN) classification algorithm which was
optimized with the Principal Component Analysis (PCA) feature selection technique. The dataset used consists of 577
data with 12 attributes labeled patients with tuberculosis and patients who do not have tuberculosis.

Result: From the research that has been conducted, models that implement the KNN algorithm with PCA produce
models with better performance than models that only implement KNN. The model that only uses KNN gets an
accuracy of 92.528%, while the model that uses KNN and PCA gets an accuracy of 98.85%. This shows that the
implementation of KNN and PCA is able to produce a good tuberculosis diagnosis model and can be used to assist in
the early diagnosis of tuberculosis.

Novelty: Using PCA in the feature selection process can reduce unnecessary attributes. It is a PCA that helps reduce
the dimensionality, simplifies the visualization and interpretation of complex data sets. The use of PCA has been proven
to be able to optimize the performance of the KNN algorithm for the detection of tuberculosis.
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INTRODUCTION

Tuberculosis (TB) is an infectious disease caused by a bacterial infection called the mycobacterium
tuberculosis virus. This disease attacks the respiratory organs of the lungs, and some can attack organs
outside the lungs, such as lymph nodes and the lining of the brain [1]. Based on the WHO global
tuberculosis report 2022, Indonesia is one of the countries contributing the largest number of TB cases.
Indonesia has a high burden of tuberculosis, with approximately 320,000 new cases each year. However,
there has been progress in efforts to prevent and treat tuberculosis in Indonesia, such as increasing access
to diagnosis and treatment, as well as the use of more effective combination therapy. Tuberculosis (TB) in
Indonesia is third after India and China, with a total of 824 thousand cases and 93 thousand deaths per year
or the equivalent of 11 deaths per hour. Based on the 2022 Global Tuberculosis Report, the highest number
of TB cases is in the productive age group, especially those aged 25 to 34 years.

TB disease has symptoms that are almost the same as other lung diseases. Therefore, errors can occur in
providing a diagnosis for sufferers. Therefore, self-examination and treatment are needed as soon as
possible, if someone often has contact with TB sufferers and experiences the symptoms they experience. If
it is too late to treat TB disease, things like this can cause an even higher number of deaths due to errors in
treating sufferers. Therefore, it is important to make an early diagnosis of tuberculosis so that it can be
treated immediately according to good health procedures.
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The level of precision in diagnosing the disease is very important and is needed. One of them is tuberculosis,
which is a problem in the world of health. The combination of technology and data has changed the way
we understand and interact with the world. The development of data today means that data is increasingly
being used to solve problems, one of which is problems in the health sector. The development of the amount
of data stored in large databases cannot be separated from information technology, which is increasingly
global. The large amount of data that exists requires appropriate data processing methods so that the data
can be used optimally, one of which is data mining techniques. Data mining can be applied in various fields
that have quite large data. Data mining itself is widely used to diagnose diseases, one of which is using a
machine learning approach. Machine learning itself includes classification, clustering, prediction, and
finding associations [2].

Data mining algorithms such as classification grouping, and so on, can be used to find patterns to determine
future business movements [3]. One algorithm that is often used to solve diagnostic problems is the K-
Nearest-Neighbor (KNN) classification algorithm. Classification is a type of supervised machine learning
in which the labeled data in advance [4]. The KNN algorithm is a generalized algorithm with nearest-
neighbors rules. The inductive offset is the class label of the k£ samples with the class label to be tested that
is most similar to the closest one [5]. KNN can also be interpreted as an algorithm used to classify objects
based on mining data that has the closest distance to testing data [6]. This method requires a distance
measure to determine the proximity of the object. An algorithm that groups new data whose class is not yet
known by selecting the k data that has the closest value to the new data. Predictions are made based on the
class of test data that appears most frequently among & neighbor [7]. In the context of inductive offset, KNN
also considers the class labels of the k-nearest samples, making it more contextual in determining
predictions. Therefore, KNN is not just a classification algorithm, but also an analysis tool that understands
the context of the data considering the existence of nearest neighbor.

There have been many previous studies that have applied machine learning approaches to diagnose
diseases. One of them is the research conducted by Zalloum et al. in 2022. This research uses machine
learning techniques to diagnose breast cancer. This research uses machine learning algorithms, namely k-
nearest neighbor (KNN), logistic regression, decision tree, random forest, and support vector machine
(SVM), to classify breast cancer (BC) data and PCA is applied as feature extraction. The final results of
this research were that KNN obtained 96% accuracy, logistic regression obtained 97% accuracy, Decision
Tree obtained 96% accuracy, random forest obtained 96% accuracy, and SVM obtained 98% accuracy [8].

Other research was also conducted by Refaat et al. in 2022. This research discusses the use of machine
learning techniques to diagnose brain tumors. This research was carried out using machine learning
algorithms, namely k-nearest neighbor (KNN), general regression neural network (GRNN), dan support
vector machine (SVM), to classify with PCA to extract features from the brain tumor dataset. The final
results of this research showed that SVM achieved an accuracy of 0.9624%, GRNN accuracy of 94.7%;
KNN accuracy 97%. The KNN algorithm was concluded to provide the best diagnostic accuracy, because
the diagnostic accuracy was 97% and the error rate was 3%; the minimum observed objective reached 0.059
at 30 function evaluations; and the KNN computing time is 172.01[9].

From several studies that have been carried out, it is known that the KNN algorithm is capable of producing
models with good performance when using the PCA feature selection technique. Principal Component
Analysis (PCA), also called the Karhunen loeve transformation, is a technique used to simplify data, by
transforming the data linearly to form a new coordinate system with maximum variance [10]. In
implementing PCA, variables that are initially large in number can be reduced to a smaller number of
principal components, but still retain as much information as possible from the dataset. This is done by
transforming the data into smaller dimensions, which act as feature summaries [11]. The most important
reason for using PCA is to create high-quality feature groups and reduce data size [12]. By reducing data
dimensions, PCA can help identify critical attributes that contribute significantly to class formation in a
data object. Therefore, the integration of PCA with the KNN algorithm can create a more holistic and
efficient approach.

Based on the background of the problems described previously, this research was carried out with the aim
of building a tuberculosis diagnosis model using a machine learning approach. The research will be carried
out using the KNN classification algorithm and also the PCA feature selection technique. By combining
the power of classification algorithms such as KNN and dimensionality reduction techniques such as PCA,
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the horizon in disease diagnosis can be increased, and precision and efficiency in TB treatment can be

increased.
METHODS
Dataset

This research data uses secondary data in the form of the "Tuberculosis Dataset" dataset. The data source
in this study was collected from information available on Kaggle such as tuberculosis symptoms data. This
data set has 12 variables, namely sex, age, cough for two weeks, night sweats, weight loss, appetite loss,
TB contact history, cough with phlegm, coughing blood, BCG results appear fast, lumps that appear around

the armpits and neck, and results.

Table 1. Description of the attributes of the tuberculosis data set

Attribute Description Attribute Value  Attribute Type
Sex Gender Male, Female Nominal
Age Age (years) [10,...,70] Numeric
cough for two weeks History of cough for two 0 =No, Nominal
weeks 1=Yes
night sweats History of excessive 0= No, Nominal
1=Yes
weight loss History of weight loss 0=No, Nominal
1=Yes
loss of appetite History of loss of appetite 0= No, Nominal
1=Yes
TB contact history History of contact with 0= No, Nominal
someone who has been 1=Yes
infected with Tuberculosis
cough with phlegm History of phlegm cough 0= No, Nominal
with phlegm 1=Yes
coughing blood History of phlegm cough 0 =No, Nominal
with phlegm 1=Yes
BCQG results appear fast History of the BCG (Bacillus 0 =No, Nominal
Calmette-Guérin) vaccine 1=Yes
lumps that appear around ~ History of lumps appearing 0=No, Nominal
the armpits and neck around the armpits and neck 1=Yes
Result Tuberculosis results 0 =No, Nominal
1=Yes

The target attribute represents a value of 1 for cases infected with tuberculosis and 0 for cases not infected
with tuberculosis. This data set has the.csv format as in Figure 1.
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Figure 1. Visualization of target attribute data balance on the dataset

Data Preprocessing

Before the data classification process is carried out, it is necessary to go through a preprocessing process
so that the data can be read by the programming language, and this process can also increase the accuracy
value of the data mining model. The pre-processing stage consists of the following stages:

Data type conversion
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In the tuberculosis dataset, data type conversion and label encoding stages were carried out to prepare the
data before analysis. Some attributes will be converted from integer to object data types to facilitate a better
analysis process. In addition, the 'sex' attribute will undergo a label encoding process, where this column is
separated into two separate columns: 'male' and 'female'. A value of 1 indicates the presence of the
appropriate gender, while a value of 0 indicates the opposite. This stage helps in preparing data for further
analysis.

Cleaning data

Cleaning data is used to identify and improve the data to be researched. Data correction is carried out
because raw data is often not ready for mining, such as missing values and duplicate data in the dataset
used. Missing values in the tuberculosis dataset usually come from data that has no value or information on
its attributes. Meanwhile, duplicate data occurs due to repetition of the same entries in the dataset.

Data standardization

In the data standardization process, the main goal is to change the values in the dataset so that the
distribution has a mean (average) of zero and a standard deviation of one. This means that each value in the
dataset will be changed relative to the mean and spread (variability) of the data. By standardizing the data
set, data will be obtained that has a uniform scale, where different values will not have very large
differences. This helps ensure that the influence of each variable in data analysis is balanced and not too
dominated by large scale variables. Thus, data that has been standardized will be easier to interpret and
process in data analysis.

Split Data

The Split Data stage is the stage of dividing the data into training data and testing data. Training data is
used for classification to form a model. Meanwhile, testing data is used to test the extent to which
classification can be carried out correctly. In this study, a data proportion of 70:30 was used. Dividing data
for training and testing with a ratio of 70:30 is the best testing ratio to get the best performance of the
machine learning model. Additionally, it is known that the percentage of data in the training dataset
increases (Nguyen et al., 2021). Data distribution is carried out in consistent randomization (random state)
with the aim that each time the calculation is carried out the value is constant.

Feature Selection With PCA

Data sets that have gone through the cleaning process will then undergo a PCA feature selection process
that aims to inherit the variations that exist in the data set using a number of small factors. Each principal
component (PC) is a combination of the original attributes, which maintain some correlation between each
attribute, and mutually orthogonal PCs (Granato et al., 2018).

Step 1: The tuberculosis dataset will be standardized or normalized. The goal is to ensure that each feature
in the dataset has a mean value of zero and a standard deviation of one, so that variables with different
scales make a balanced contribution to the PCA analysis.

Step 2: Calculate the covariance matrix, search for values and eigenvectors from the matrix, and project the
data into a new feature space using the principal components found.

Step 3: Find the eigenvalues and eigenvectors of the matrix. Eigenvalues represent the variance of each
principal component, while eigenvectors indicate the direction of each principal component in feature
space.

Step 4: The dataset will project the data into a new feature space consisting of the main components that
have been discovered previously. The most significant principal components are chosen to represent the
main dimensions of the data, so that the original data can be reduced to lower dimensions.

Step 5: Evaluate the results of data projection into the new feature space. Once the data is projected into
lower dimensions based on the selected principal components, it is important to evaluate how well this
representation explains the variation in the original data.

The PCA can be seen in Figure 2.
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Figure 2. Flowchart of the PCA feature selection technique

Implementation of the KNN Classification Algorithm
The KNN classification stages of the research can be seen in Figure 3.
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Figure 3. Flowchart of the KNN classification algorithm
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The KNN algorithm begins by preparing a tuberculosis dataset as input. Then, it will be processed by
determining the k value of the data to be classified. Next, calculate the Euclidean distance using a
predetermined formula and group it based on the smallest value of the results obtained. Then, the final
results are based on determining the data set using the & value approach.

KNN algorithm classification with PCA

At this stage we will combine the PCA method with the KNN algorithm to determine the resulting level of
accuracy. The flowchart of the combination of methods used in this research can be seen in Figure 4.

Start

/ Dataset Tuberculosis /

Training data?

Training Data; / Testing Data /

Principal Component
Analysis (PCA)

{ Selected attribute /

K-Nearest Neighbor
Classification

‘ Checking missing value ‘

’ Duplicate data checking }

‘ Outlier data ‘

Splitting Dataset

Dataset Training & Dataset Test \—) Evaluation Model

Confusion Matrix

Accuracy

End

Figure 4. Flowchart Algorithm KNN with PCA

1) Prepare the dataset. The dataset used in this research is the tuberculosis dataset taken from Kaggle with
a total of 577 data and 12 attributes with 1 class label.

2) Carrying out pre-processing stages consisting of data type conversion and data cleaning.

3) Divide the dataset into training data and test data using the split data method with a proportion of 70%
for training data and 30% for testing data.

4) Carry out PCA feature selection, so that the best attributes are obtained which will be continued in the
classification process.

5) Then carry out the classification process using the KNN algorithm to produce a new KNN classification
model.

6) Next is to test the testing data.

7) Based on this test, analysis of the results can be carried out by calculating the accuracy obtained using
a confusion matrix. So that the accuracy and accuracy of the KNN algorithm can be obtained by applying
PCA feature selection to the tuberculosis dataset.
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Model Performance Evaluation

The model performance evaluation stage is carried out using a confusion matrix. The confusion matrix is a
method that can be used to measure the performance of a classification method. Confusion matrix is also
one way of visualizing system learning results; the visualization displayed contains two or more categories
[13]. The confusion matrix performs 4 calculations, namely recall, precision, accuracy, and error rate. The
table below is an example of confusion matrix results predicting two classes. The table of the confusion
matrix can be seen in Table 1.

Table 1. Confusion matrix table

Classification Predicted Values
1 (Positive) 0 (Negative)
Actual 1 (Positive) True Positive (TP) False Negative (FN)
Values 0 (Negative) False Positive (FP) True Negative (TN)

Accuracy calculations carried out by the confusion matrix based on the table above can use the following
equation.
Calculating the accuracy value is stated in Equation 1.

Accuracy = _ TP+IN % 100% (1

TP+FN+FP+TN
Calculating the recall value is expressed in Equation 2.

TP
(TP+FP) 2

Recall =

Calculating the precision value is expressed in Equation 3.

- TP
Precision = TPaF) 3)
Calculating the error rate value is expressed in Equation 4.
FP+FN
Errorrate = ——— 4)
TP+TN+FP+FN

RESULT AND DISCUSSION

Data Preprocessing

Data type conversion results

At this stage, change the column data type cough for two weeks, weight loss, loss of appetite, night sweats,
TB contact history, cough with phlegm, coughing blood, BCG results appear fast, lumps that appear around
the armpits and neck, and results from integers to objects is a very important step in ensuring the integrity
and accuracy of the data which will be shown in Table 2.

Table 2. Visualization before data type conversion

No  Attribute Type Attribute
1. Sex Object
2. Age Integer
3. Cough for Two Weeks Integer
4. Night Sweats Integer
5. Weight Loss Integer
6. Loss of Appetite Integer
7. TB Contact History Integer
8. Cough with Phlegm Integer
9. Coughing Blood Integer
10.  BCG Results Appear Fast Integer
11.  Lumps That Appear Around  Integer

the Armpits and Neck
Result Object

_
N
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The steps implemented to manage the conversion of this data type are key in ensuring more representative
analysis results. Therefore, it is important to check each value in that column and convert it to a more
appropriate object data type, which can be visualized through the relevant processes that can be seen in
Table 3.

Table 3. Visualization after data type conversion

No Attribute Type Attribute
Before After
1. Sex Object Object
2. Age Integer Integer
3. Cough for Two Weeks Integer Object
4. Night Sweats Integer Object
S. Weight Loss Integer Object
6. Loss of Appetite Integer Object
7. TB Contact History Integer Object
8. Cough with Phlegm Integer Object
9. Coughing Blood Integer Object
10.  BCG Results Appear Fast Integer Object
11.  lumps that appear around Integer Object

the armpits and neck
Result Object Object

._
»

The next step is to separate the 'sex' column into two separate columns, namely 'male’ and 'female'. The
'male' column will contain the value 1 if the gender is male, and 0 if not, while the 'female' column will
contain the value 1 if the gender is female, and 0 if not. These stages can be seen in Table 4 and Table 5.

Table 4. Value of the sex attribute before separation
Attribute Value
Sex 0
1

Table 5. Value of the sex attribute after separation
Attribute  Value
Female 0

1
Male 0
1

Checking missing values

The steps implemented to handle missing values are key in ensuring more representative analysis results.
Therefore, it is important to check each attribute of the data for the presence of missing values, which can
be visualized through Figure 5.

perempuan
laki-laki

age

cough for two weeks

night sweats

weight loss

loss of appetite

TB contact history

cough with phlegm

coughing blood

BCG results appear fast

lumps that appear around the armpits and neck
result

dtype: int64

DO DD

Figure 5. Visualization of missing value checking
Figure 4 shows a visualization of the results of the missing value check process on the tuberculosis dataset.

You can see a clear picture of the distribution of missing values before and after treatment, that the values
in the dataset do not have missing values.
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Duplicate data check
The results of the verification of duplicate data can be seen in Figure 6.

<class 'pandas.core.frame.DataFrame ' >
Int64Index: 386 entries, 6 to 576
Data columns (total 13 columns):

#  Column Non-Null Count Dtype
@  perempuan 386 non-null uintsd
1 lski-laki 386 non-null uints
2 age 386 non-null inte4
3  cough for two weeks 386 non-null object
4  night sweats 386 non-null object
5 weight loss 386 non-null object
6 loss of appetite 386 non-null object
7 TB contact history 386 non-null object
& cough with phlegm 386 non-null object
9  coughing blood 386 non-null object
1@ BCG results appear fast 386 non-null object
11 lumps that appear around the armpits and neck 386 non-null object
12 result 386 non-null int64

dtypes: int64(2), object(9), uint3(2)
memory usage: 36.9+ KB

Figure 6. Visualization of checking duplicate data

Figure 5 shows a visualization of the double data check results of the process in the tuberculosis dataset. A
clear picture of the distribution of duplicates before and after handling can be seen, and these duplicate data
are retained. From these results, it shows that this dataset is still suitable to proceed to the next stage in the
classification process.

Label encoding results

This phase aims to change the form of data from categorical (in the form of letters) to numeric (in the form
of numbers) because data in categorical form cannot be read by the model created. Each categorical data
will be changed to numeric which depends on the number of values that differ from one another. The data
will be converted into numbers 0 and 1. The attribute whose data will be changed from categorical to
numeric is result. Table 6 shows the values of the result attribute before label encoding is carried out.

Table 6. Value attribute results before label encoding
Attribute  Value
Result Negative
Positive

Next, the data values in categorical form will be replaced in numerical form, where negative values are
changed to 0 while positive values are changed to 1. Table 7 shows the values of the result attribute after
label encoding.

Table 7. Value attribute results after label encoding
Attribute  Value
Result 0
1

The results of the label encoding process for the tuberculosis dataset can be seen in Figure 7.

TB contact cough with coughing BCG results lumps that appear around result
history phlegm blood appear fast the armpits and neck

0 1 0 0 0 0

0 1 0 0 0 0

0 1 0 0 0 0

1 1 0 0 0 1

0 1 0 0 0 0

Figure 7. Example of a tuberculosis dataset after label encoding
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Data transformation results

In this research, the data transformation process plays an important role in improving the quality of the
tuberculosis dataset before in-depth analysis is carried out. Data transformation involves a series of steps
to change the format or structure of data to make interpretation and analysis easier. At this stage, data
standardization is carried out using a standard scaler, especially for variable x (predictor variable) or all
attributes other than the result (target) in the tuberculosis dataset. Visualization of data standardization can
be seen in Figure 8.

1 2 3 4 5 4] 7

@ -1.042778 1.842773 1.637285 .8 -1.786757 @.@ @.8597% -0.552857

1 ©.608725 -8.688725 -2.7373%0 0.8 0@.56600% 8.8 @.85979 -8.552657

2 B.608725 -9.688725 @.823111 o.e @.56600% 8.8 @.85979 -8.552657

3 ©.003725 -9.6@8725 @.958807 ©.2 @.56600% .8 @.85979 -0.552657

4 B.608725 -8.688725 1.894502 0.8 @.56600% 8.8 @.85979 -8.552657
8 9 1a 11
@ 9.234139 -8.793650 -2.182588 -0.182588
1 ©.234189 1.255938 -98.162508 -0.182588
2 ©.234189 1.255933 -9.102508 -©.1025688
3 ©.234189 1.259933 -9.102508 -©.102508
4 §.234189 1.255938 -9.102508 -9.182588

Figure 8. Visualization of data standardization

Figure 8 presents a visualization of the results of the data transformation process, especially data
standardization on variable x or result (target) in the tuberculosis dataset. The graph or diagram displayed
depicts changes in the distribution of variable values after going through the standardization process. This
process increases the consistency and interpretability of the dataset, facilitating further analysis of factors
that contribute to tuberculosis disease.

Feature Selection Results with PCA

This standardization is important in the context of health data analysis because it ensures that each attribute
has a balanced contribution to the analysis, allowing for more accurate PCA results. The data
standardization process is carried out using the scaler standardization method. The stages of the
standardization process begin with finding the average value for each attribute of the data set used, followed
by calculating the standard deviation for each attribute. The results obtained by calculating the mean value
for each attribute are shown in Table 8.

Table 8. Mean value for each attribute

Attribute Mean Value Attribute Mean Value
Female 0.724 Loss of Appetite 0.712

Male 0.2754 TB Contact History 0.240

Age 34.739 Cough with Phlegm 0.945
Cough for Two Weeks 1.0 Coughing Blood 0.384

Night Sweat 0.744 BCG Results Appear Fast 0.0099
Weight Loss 1.0 Lumps That Appear Around the Armpits and Neck 0.0099

Next, the standard deviation of each feature is also calculated to assess the distribution of the data in each
dimension. The results of the calculation of the standard deviation for each attribute are shown in Table 9.

Table 9. Sample standard deviation calculation

Attribute Standard deviation
Female 1.0000000000000002
Male 1.0

Age 1.0

Cough for Two Weeks 0.0

Night Sweats 1.0

Weight Loss 0.0

Loss of Appetite 0.9999999999999999
TB Contact History 1.0000000000000002
Cough with Phlegm 1.0000000000000002
Coughing Blood 1.0

BCG Results Appear Fast 0.9999999999999999
Lumps That Appear Around the Armpits 0.9999999999999999
and Neck
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Next, look for the Z-score value using the mean and standard deviation that was calculated previously. The
results of the normalization of the data are shown in Table 10.

Table 10. Sample normalization results

No Female Age Night Sweats  TB contact history
0. -1.641353 1.635866 -1.765225 -0.552178
1. 0.608197 -0.736751 0.565518 -0.552178
2. 0.608197 0.822397 0.565518 -0.552178
3. 0.608197 0.957975 0.565518 -0.552178
4. 0.608197 1.093554 0.565518 -0.552178

572 0.608197 0.144507 -1.765225 -0.552178

573 -1.641353 -0.397805 0.565518 1.807872

574 -1.641353 -0.804540 0.565518 -0.552178

575  -1.641353 -0.533383 0.565518 -0.552178

576 -1.641353 -0.668962 0.565518 -0.552178

After normalizing using the standard deviation, the covariance matrix is calculated. The following are the
calculation of the results of the covariance matrix that are shown in Table 11.

Table 11. Sample results of calculating the covariance matrix

No 1 2 3 9] 10 11
0 1.0 -1.0 0.28 0.0 -0.13 0.20
1 -1.0 1.0 -0.28 0.0 0.13 -0.20
2 0.28 -0.28 1.0 0.0 035 0.013
3 0.0 0.0 0.0 0.0 0.0 0.0
4 -0.13  0.13 -0.35 00 1.0 -0.26
5 0.0 0.0 0.0 0.0 0.0 0.0
6 0.2 -0.20  0.01 00 -026 1.0
7 0.08 -0.08  -0.38 0.0 022 036
8 -0.14  0.14 -0.15 0.0 041 -0.15
9 0.20 -0.20  -0.22 00 032 052
10 0.06 -0.6 -0.15 0.0 -0.18 0.06
11 0.06 -0.6 -0.15 0.0 0.18 0.06

After calculating the covariance matrix, the next step is to calculate the eigenvalues and eigenvectors of the
covariance matrix. The eigenvalue and the eigenvector contain important information from the tuberculosis
dataset to determine the principal components (PC) formed. In this investigation, the main component, PC
is selected based on the percentage of variance explained. The variance explained shows how much
information is explained by the selected main components.

The number of PCs selected for classification using KNN is determined by the parameter n. Researchers
conducted trials with several n values, from n = 12 to n = 1. The quality of each experiment was assessed
using the KNN algorithm, and the n value that provided optimal accuracy was selected. From the results of
this experiment, the n value that provides the best quality will be selected. carried out, the number n = 8
produces the most optimal accuracy. The accuracy results for each n can be seen in Table 12.

Table 12. Accuracy results for each n in PCA

n Accuracy  Total Variance n  Accuracy Total Variance
12 0.150 1.0 6 0.124 0.9997
11 0.147 1.0 5 0.132 0.9995
10 0.167 1.0 4 0.136 0.9989
9 0.165 1.0 3 0.166 0.9978
8 0.236 1.0 2 0.166 0.9966
7 0.122 0.9999 1 0.166 0.9945

Of the 11 components that have been sorted, several components were selected that retained information
or explained the variance of at least 70% of the data set. Based on the data from Table 12, 12 PC components
were selected. The variance resulting from these 8 components can be seen in Table 13.
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Table 13. Variance explained PC

PC Eigenvalue  Explained Variance ~ Cumulative Variance

0

1 PC1  2.48913 0.2484820 0.2484820
2 PC2  2.16776 0.2164011 0.4648832
3 PC3  1.98167 0.1978238 0.6627071
4 PC4 1.27148 0.1269282 0.7896354
5 PC5 0.85977 0.0858287 0.8754641
6 PC6  0.67757 0.0676397 0.9431039
7 PC7  0.40083 0.0400140 0.9831180
8 PC8 0.16911 0.0168819 1.0

Based on the results of this explanation, the results of the explained variance and eigenvalue of each main
component (PC) in the PCA analysis are presented. Based on these results, it was decided to use 8 main
components, with the selected attributes being male, female, age, night sweats, loss of appetite, TB contact
history, cough with phlegm, coughing blood, BCG results appear fast, and lumps around armpits and neck,
of the main components aim to retain most of the information in the tuberculosis dataset. The accuracy
results of the model using 8 main components show good performance, with an accuracy level of 23.6%
and a total variance of 1.0. This decision is based on the variance explained ratio explained by each main
component. By using 8 components, data analysis becomes more effective and efficient in understanding
patterns and relationships in the tuberculosis dataset.

Implementation of the KNN Classification Algorithm

The initial step is to apply the train-test split method to separate the dataset into two parts, namely training
data and test data. In this study, the tuberculosis data set was divided in a 70:30 ratio, where 70% of the
data was used as training data and 30% as test data. First, the k value is set to determine the number of
neighbors that will be compared with the test data to classify the data as a result label in the tuberculosis
data set. The k-value used in this research is 10. After that, to calculate the similarity between the test data
and the training data, the Euclidean distance calculation method is used. Here, modelling is carried out
using only the KNN algorithm, first using the attributes of the original dataset. The results of the model
prediction can be seen in the confusion matrix table in Table 14.

Table 14. Confusion matrix table of KNN model prediction results

Predicted
Actual Positive Negative  Amount
Positive 76 85 161
Negative 11 2 13
Amount 87 87 174
TP+TN
= — X 0,
Accuracy TPTFNTFPITN 100% @)
76+85
Accuracy = ————x 100%
76+2+11+85

Accuracy = % X 100%

Accuracy = 92,528%

The next process carried out in this research is classification using the KNN algorithm using
attributes/features that have been selected based on PCA. At this stage, several experiments were carried
out using a different number of attributes based on the previous stage when selecting features using the
PCA method. This experiment was carried out based on the values of n or main component that were
determined during feature selection using PCA, which ranged from n = 1 to n = 12. The accuracy results of
each experiment in this research can be seen in Table 15.

Table 15. Sample accuracy results of KNN experiments with PCA
No n  k Accuracy No k_ Accuracy

n

1. 1 1 0977011 5. 1 8 0.954023
2. I 2 0982759 6. 1 12 0.948276
3. 1 3 0965517 7. 1 14 0.936782
4. 1 4 0965517 8. 8 10 0.988506
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In this research, it was found that a good classification model accuracy value was obtained using the KNN
algorithm with PCA with a » value limit of 8 with a value of k = 10 which produced an accuracy value of
98.8506%. Based on the results obtained, it shows that applying PCA feature selection in the classification
process using the KNN algorithm on the tuberculosis dataset can work as expected.

CONCLUSION

From the results of the research that has been carried out, it is known that the PCA feature selection
technique can improve the performance of the KNN model for the diagnosis of TB disease. The accuracy
results from the first classification process used the KNN algorithm with all the attributes from the dataset,
namely an accuracy value of 92.528%, while in the second classification process, the KNN algorithm was
used using selected attributes based on the n value. Several experiments were carried out with the best
accuracy value obtained by the classification model that uses the value n = 8, the accuracy value is 98.85%.
Based on the experiments that have been carried out, the application of PCA feature selection in the
classification process using the KNN algorithm can increase the accuracy value by 6.33%. These results
show that the performance of the KNN model with PCA is able to provide accurate diagnoses, so that it
can be used to help diagnose TB disease for early prevention.
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