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I. INTRODUCTION

Making the right decision is of great importance in order to obtain positive results in medical practices. Although the developments
in the field of health and technology are pleasing, some uncertainties encountered in medicine make it difficult for clinicians to make
decisions [1]. Since 1975, the rapidly increasing number of diagnostic and treatment options and the increasing importance of cost aspects
have made decisions difficult for healthcare providers [2]. Data mining, which includes many disciplines, has become one of the auxiliary
tools used to develop new clinical principles and to make scientifically high-quality decisions with the information obtained. Data mining
is generally defined as a process consisting of steps such as data collection, preparation for analysis, and modelling to obtain valid and
valuable new information in the field of research [3],[4]. The main objective of the current research work is classification, which is one
of the data mining techniques, and naive Bayes (NB), decision trees, C5.0 algorithm, and support vector machines (SVM) are the main
methods used.

The naive Bayes algorithm is a simple classification method based on the Bayes theorem. The naive Bayes algorithm has strong
assumptions that are rarely provided. Despite this, it can give good results against many problematic data [5]. In classification problems,
class estimation uses the probabilities of the classes in the dependent variable and the class conditional probabilities for a new observation
[6]. Decision trees are a supervised classification method with a hierarchical structure that considers a particular order of importance for
the variables in the data set [7],[8]. Here, the order of the variables is determined with variable selection methods, and a decision is made
for the classes of the new observations by following a path from top to bottom. The developed version of the ID3 decision tree algorithm,
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C5.0, has the advantages of modelling continuous data, automatically selecting features in multidimensional data, and not requiring a
priori determination of the model. Another method used in the study is SVM [9]. Its popularity has increased recently due to its good
performance in nonlinear and multidimensional data. It performs classification by drawing a boundary that maximises the area between
observations in one class and the other class in a multidimensional space. Classification methods have advantages and disadvantages [10].
Therefore, their performance superiority may vary depending on the sample size and data type. In order to obtain more robust and balanced
results, several methods can be applied to the data where the algorithms are disadvantaged before classification, thus increasing the
performance success. One of the available options for this purpose is to apply transformation to the data. In data mining, minimum-
maximum and z-score normalisation are frequently used for data transformation. For a similar purpose, unsupervised discretisation
applications, also known as binning, are another approach that uses equal width and equal frequency spacing methods [11]. In this study,
it was aimed to investigate the effects of data transformation on naive Bayes, C5.0 and SVM by applying minimum-maximum and z-
score normalisation and equal width and equal frequency spacing discretisation methods to different types of data generated by simulation
according to sample distributions (Normal, Chi-square, F), observation numbers (100, 500, 1000, 10000) and class distribution ratios
(0.1,0.2,0.3,0.4, 0.5).
I1. CLASSIFICATION DEFINITION AND PROCESS

In classification applications, each category in the dependent variable is called "class". In medical research, examples of these
classes can be given, such as three different types of treatment and two different disease diagnoses [12]. NB, C5.0 and SVM are frequently
used classifiers for classification problems in data mining. In data mining, reaching all class conditional intersection probabilities becomes
more difficult as the number of independent variables increases, making the solution more complex [13]. In the NB method, to simplify
the operations, it is assumed that the variables in each class, that is, class conditional variables, are independent of each other. This
assumption is referred to as “conditional independence” in many sources [14].

11.1 NAIVE BAYES (NB):

In the study [15], Naive Bayes Algorithm uses probability and statistics to solve classification problems. This method performs
classification by calculating the value of the probability P(x | y) by knowing the probability of class X. Determination of the class in the
classification is done by selecting the max value of P(x | y) Based on probability. The advantage of classification is that it requires a
relatively small amount of training data to estimate the parameters needed for classification. Based on the Naive Bayes algorithm, the
following is the equation for calculating the value of P(x | y) [16]:

P(Y1X).(X)
P(Y)

P(X1Y) = L)

where:
P(X|Y) = Posterior probability, namely the probability value of X based on condition Y

P(Y|X) = probability of Y determined by X is true
P(X) = Probability of evidence of disease X
P(Y) = Probability of the value of Y

Successful results are achieved with NB in genetic and drug development studies. For [17] developed an approach based on the
naive Bayesian algorithm using RNA sequencing data, which could help diagnose tissue-derived hepatobiliary or pancreatic cancer in
synchronous tumours. While more than a 95% success rate was achieved with the 10-fold cross-validation method with the created model,
they reported correctly classifying 17 (94.4%) of 18 clinical cancer tissue samples (six negative controls) used for external validity.

11.2 DECISION TREES:

In medical data analysis, it is essential to communicate data mining results to people in an understandable way [18]. Two
algorithms form the basis of decision trees researchers developed without knowing each other.

11.3 STRUCTURE OF DECISION TREES:

The structure of a decision tree consists of nodes and branches. As shown in (Figure 1), the topmost starting node is called "root",
and the last node containing the classes of the dependent variable is called "leaf". In decision trees, all nodes except leaves represent an
independent variable. These nodes are also called "decision nodes" because they decide which class to reach with independent variable
questions (e.g., "What is the gender?" and "What is the age?" etc.). The branches emerging from each decision node contain all the
answers to the variable (For example, “female-male”, “65 years old and under - 65 years old, etc.). In other words, it represents their
categories. These branches, formed as many as the number of categories belonging to the relevant variable, are connected to a leaf or a
new decision node. The leaves reached at the last stage express the decisions regarding the classes.
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Figure.l: The structure of a decision tree consists of nodes and branches.
Source: [19].

11.4 C5.0 DECISION TREE ALGORITHM:

The C5.0 algorithm is a development or improvement of the C4.5 algorithm where the development is carried out on memory
usage, attribute separation, and acceleration, according to Arif, Muhammad. (2018) [20],[21], the C4.5 algorithm is a development or
improvement of the ID3 algorithm; improvements made such as being able to handle discrete or continuous attributes, being able to
handle empty attributes or missing values, and being able to summarise or prune decision trees.

The C5.0 algorithm is a data mining classification algorithm applied explicitly to decision tree techniques. In selecting attributes
for solving objects in several classes, the attribute that produces the most significant information gain must be selected [22]. Entropy
measures uncertainty associated with a random variable, while gain is the expected value. If the entropy value is “07, it is easier to classify
the observations. In data mining, the terms entropy and information gain are related. Entropy is used to select the variables that provide
the highest information gain for the nodes to determine the most appropriate variable order in the classification. By selecting the variables
that provide the highest information gain, the information required for the classification, namely entropy, is reduced to a minimum level.
Suppose the entropy value is found to be "0", no further information is needed to classify the observations and that all observations belong
to the same class. The formula for the entropy index is given below [23]:

Entropy (S) = XiZ1— pilog,(p:) (2
Where;
S: Case value
M: Number of classes in the variable
p;: Proportion of S and S;

In the analysis using the C5.0 Algorithm, there are several steps, namely, inputting the studied data. Next, selecting the root node
begins with calculating the entropy value. Then, the process continues by finding the value gained. After that, look for the gain ratio
value.

11.5 SUPPORT VECTOR MACHINE ALGORITHM (SVM):

According to research [24], SVM is a method or algorithm for classifying and predicting. The working principle of this method
is to find the most optimal separation space for a dataset in different classes.

ns

fla) = ) ey +b 3)
i=1
Where:
ns = Number of support vectors
a; = Weight value of each data point
y; = Data class
x,= Support vector variable
x4 = Data to be classified
b = Error or bias value

The SVM algorithm places all observations according to their values in a dimensional space equal to the number of variables.
Then, it finds the hyperplane that provides the best separation between the observations according to their classes and classifies new
observations according to this hyperplane [25].

A hyperplane is a p-1-dimensional subspace plane in p-dimensional space. The following equation makes its mathematical
definition:
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.go + ﬁlxl + BZXZ +... +.8po (4)

When this equation is applied to a point in space,
BO + B].Xl + ﬂ2X2+. o +Bpo < 0 (4'1)
ﬁO + ﬁlxl + ﬁ2X2+. e +ﬁpo > 0 (4'2)

Results can be obtained. If the result is negative, the point is in one class; otherwise, if it is positive, it is in the other. It can be
easily found on which side the observations are in the space divided into two, according to the sign of the hyperplane equation result.
According to [26], identifying acute exacerbations in chronic obstructive pulmonary disease is crucial to reducing mortality and financial
burden. He developed different classification models for this disease and conducted a comparison study to find the best model. From the
results obtained, SVM showed the highest success performance.

Based on the above points, in the study, sample distributions (Normal, Chi-square, F-distribution), number of observations (100,
500, 1000, 10000) and class distribution rates (0.1, 0.2, 0.3, 0.4, 0.5) were evaluated. It aimed to examine the effects of data transformation
on NB, C5.0 and SVM by applying minimum-maximum and z-score normalisation and equal width and frequency spacing discrimination
methods to different types of data produced by simulation.

I11. MATERIALS AND METHODS

Not all obtained data can be processed for classification from the data collection. Data analysis first needs to be done because there
are attributes that do not need to go through various stages of data analysis in order to get quality data.

7
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Figure 2: Research Flow.
Source: Authors, (2025).

111.1 RESEARCH FLOW DIAGRAM

The effects of normalisation, z-score, and unsupervised discrimination methods applied in the data pre-processing process on
classification algorithms' performance were examined using simulation data sets. Data sets were created in a structure with 11 variables,
including 10 independent variables of quantitative type and a dependent variable of 2 categories.

Table 1: Sampling distribution parameters.

Variable Group Normal distribution Chi-square distribution F distribution
Mean SD dft dft df2
Variable-1 (1) 1:'28 85 gg g g
Variable-2 (1) gg g 180 ig ig
Variable-3 é 4‘_12 82 igg 188 ég
Variable-4 (1J 190 0%8 19050 150 115
Variable-5 é 2%?5 g i 188 15O
Variable-6 (1) 128 gg 3 ig é
Variable-7 é 32 i 13 188 550
Variable-8 é 19050 ;g igg 11000 ig
Variable-9 é 4?5 82 g?g 110 g
Variable-10 (1J 2(2) 18 1828 18 g

Source: Authors, (2025).
sd: standard deviation;
dfl: 1st degrees of freedom;
df2: 2nd degrees of freedom.
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Methods were applied before classification to examine the effects of data transformation, and NB, C5.0 decision tree, and SVM
algorithms were used. Classification results were first obtained with raw data without pre-processing to examine the effects of data
transformation methods on the algorithms. Then, the classification analysis was repeated by applying equal width spacing (EW) and equal
frequency spacing (EF) methods to the generated data, such as minimum-maximum normalisaton, z — score normalisation and
unsupervised discrimination methods (Table 2).

Table 2: Data transformation methods.

Xmin — X Xonin ; Minimum value

Minimum-Maximum normalisation i .
Xmax ; Maximum value

Xmax - Xmin

—_— x—X X ; variable mean
Z-Score normalisation . -
e o ; standard deviation
a= M k; number of intervals
Equal width spacing discretisation (EW) k a; interval width
i;1,2,...k-1

§ = Xmin + (1X @) | e

k; number of intervals
Equal frequency spacing discretisation (EF) f=n/k n; number of observations
f; interval frequency

Source: Authors, (2025).

The values in the raw data are respectively applied by minimum-maximum normalisation and z-score normalisation; It was brought
to the range of “0” to “1” and “-3” to “3”. For these operations, functions are written in the R —Program according to the formulas of both
methods were used. The k —Value in the formula of the EW and EF discrimination methods was determined as "10" for both methods.
The data was divided according to this value and converted into categorical form. All applications in the simulation study were repeated
1000 times, and the findings were summarised using mean and standard deviation values.

As a result of the study, "Overall Accuracy”, "Area Under the Curve (AUC)", "Sensitivity", "Specificity"”, and "Positive Predictive
Value" were used to evaluate the performance of classification algorithms”, “Negative Predictive Value” measurements were used. In the
unbalanced distribution of classes in the dependent variable, the "balanced accuracy” criterion was used instead of the "General Accuracy
Rate". The definition and calculation formulas for these criteria used to evaluate performance are given in (Table 3).

Table 3: Performance evaluation criteria.

The ratio of actually “Positive” and “Negative” to the (TP +TN)

Accurac
y total (TP + TP + FP + FN)

.. TP/(TP + FN TN/(TN + FP
Balanced Accuracy rate | Average of sensitivity and selectivity rates (TP/(TP+FN) + /(TN + FP))

2
Sensitivity rate Ratio of predicted “Positive” to actually “Positive.” TP/(TP + FN)
Selectivity rate Ratio of predicted “Negative” to actually “Negative” TN/(TN + FP)

Ratio of actually “Positive” to those predicted to be

Positive predictive value | ., ... ,
Positive

TP/(TP + FP)

Negative predictive
value

AUC

Ratio of predicted “Negative” to actually “Negative” TN/(TN + FN)

Area under the curve with sensitivity on the vertical
axis and 1-selectivity on the horizontal axis
Source: Authors, (2025).

TP: True positive; TN: True negative;
FP: False positive; FN: False negative.
IV. RESULTS AND DISCUSSION

IV.1 RESULTS

The algorithms were compared by taking the highest accuracy rate, AUC value, sensitivity and selectivity rate, and the classification
algorithms' positive and negative predictive value in the raw data or after data transformation.

As a result of the study, the findings regarding the highest accuracy rates achieved in the three algorithms. While there was an
increase in all combinations of data generated from the normal distribution in SVM with data transformation, there was no increase in the
NB algorithm. The NB algorithm achieved higher overall accuracy rates than other algorithms with the Gaussian probability density
function, regardless of the number of observations and class distribution rates. With the increase in the number of observations for data
produced from normal distribution in SVM, the change in data transformations draws attention. As the number of observations increases,
the superiority of z-score normalisation over minimum and maximum increases when moving from balanced to unbalanced class
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distribution. With the C5.0 algorithm, there is an increase in accuracy rates with z-score normalisation only in the 0.4 and 0.5 class
distributions in 500 observations and the 0.2 class distribution in 20000 observations. Still, according to the findings in Table 4, these
increases are less than 0.01%.

When examined for chi-square distribution, an increase in the overall accuracy rate was achieved with data transformations in all
data types of SVM and with 100 observations and a class distribution ratio of 0.1, NB with the kernel probability density function and the
SVM algorithm achieved the highest accuracy rates in all remaining combinations. While the highest accuracy rates are achieved with z-
score normalisation in SVM for data more prominent than 100 observations and a fully balanced class distribution (0.5), the superiority
of minimum-maximum normalisation is noteworthy when the classes are not distributed balanced. In 100 observations, the best results
were found with the data using minimum-maximum normalisation in all distributions except the 0.1 class distribution in SVM.

Table 4: Average accuracy rates (%) obtained with C5.0 for the Continuation of Normal Distribution.

n Ratio | Rawdata | Minimum-Maximum (n) | Z-Score (n) EW EF
100 0.1 | 65.33+17.18 65.33+17.18 65.98+17.35 | 51.41+5.44 51+4.03
0.2 | 71.98+13.33 71.98+13.33 72.69+13.46 | 53.59+8.18 53.94+8.77
0.3 | 74.25+11.72 74.25+11.72 74.99+11.83 | 58.61+11.33 | 57.25+11.26
0.4 | 75.64+10.5 75.64+10.5 76.39+10.61 | 65.62+11.26 | 65.83+11.49
05 | 76.12+9.97 76.12+9.97 76.88+£10.07 | 67.17+£11.48 | 65.94+11.22
500 0.1 | 70.51+8.43 70.51+8.43 71.248.52 61.26+8.3 57.36+7.81
0.2 76.71+6.1 76.71+6.1 77.47+6.17 | 71.02+6.94 70.83+6.93
0.3 | 79.33t+4.79 79.32+4.79 80.1+4.83 | 75.68+5.51 75.64+5.33
0.4 | 80.46+4.42 80.46+4.42 81.26+4.48 | 77.67+4.65 77.41+4.84
0.5 | 80.68+4.14 80.68+4.14 81.48+4.18 | 78.52+4.39 77.97+4.59
1000 | 0.1 72.8+5.88 72.8+5.88 73.52+5.94 | 65.91+6.5 60.88+6.37
0.2 | 78.11+4.27 78.11+4.27 78.89+4.31 | 74.43+4.57 72.84+4.85
0.3 | 80.62+3.43 80.62+3.43 81.41+3.47 | 78.38+3.82 78.22+4.02
0.4 81.68+3 81.68+3 82.49+3.03 | 80.38+3.16 80.01+3.27
0.5 | 81.89+2.91 81.89+2.91 82.742.94 | 80.71+3.01 80.24+3.19
10000 | 0.1 | 77.02+2.03 77.01£2.03 77.78+2.06 | 74.74+2.02 72.59+2.17
0.2 81.74+1.4 81.74+1.4 82.55+1.42 | 80.56+1.38 79.56+1.47
0.3 | 83.95+1.09 83.95+1.09 84.78+1.1 | 83.31+1.09 82.73+1.04
0.4 | 85.03+0.91 85.03+0.91 85.88+0.92 | 84.7+0.89 84.29+0.94
0.5 | 85.41+0.83 85.41+0.83 86.25+0.84 | 85.19+0.8 84.93+0.88

Source: Authors, (2025).

For the 0.1 class distribution rate in 1000 and 10000 observations in the data produced from the F distribution, the C5.0 algorithm
is used. In all remaining combinations with raw data and z-score transformation, it was seen that the NB algorithm gave the highest results
with EF discrimination. EF transformation in SVM increased accuracy more effectively than other transformation methods.

In the study, the findings regarding the highest AUC values obtained from all simulation scenarios with NB, C5.0 and SVM
algorithms and how they were obtained are included in (Table 5).

There was no increase in the data produced from a normal distribution compared to the results obtained from the raw data after
data transformation in NB and C5.0 algorithms. It was observed that NB achieved a higher AUC value than other algorithms, regardless
of the number of observations and class distribution rates. Notably, in the SVM algorithm, the highest AUC values in data that are more
significant than 100 observations are most frequently achieved with z-score normalisation.

There was no increase in the data generated from the chi-square distribution after data transformation in NB. The highest AUC
values were achieved with the SVM algorithm in all observation numbers and class distribution ratios. However, NB and SVM gave the
same high AUC values in 0.2-0.3-0.4-0.5 class distributions in 10000 observations. At the highest values obtained with SVM, it is
noteworthy that z-score normalisation is superior in fully balanced distributions of classes, and minimum-maximum normalisation is
superior in unbalanced distributions.

The data generated from the F distribution showed that NB and SVM gave the highest AUC values after EF discrimination. The
NB algorithm reached the highest values without varying depending on the number of observations or class distribution.

In the C5.0 algorithm, AUC values generally did not increase after the transformations on the data generated from all distributions.

In the study, the findings regarding the highest sensitivity rates obtained with NB, C5.0 and SVM algorithms and how they were
obtained are given in (Table 6).

There was no increase in the data produced from normal distribution compared to the sensitivity rates obtained from the raw data
after data transformation in NB and C5.0 algorithms. NB has the highest sensitivity rates with the Gaussian probability density function
applied to the raw data in all data types except 100 observations and 0.4 class distribution ratio. Looking at the SVM findings, it can be
seen that the superiority of z-score normalisation over minimum and maximum increases as the number of observations increases and the
balance ratio in classes decreases.

In the data generated from the chi-square distribution, there was no increase in sensitivity rates in the C5.0 algorithm after data
transformation. The highest sensitivity rates were achieved with the SVM algorithm with 100 observations and 0.1-0.2 class distribution
rates. The superiority of minimum-maximum normalisation draws attention to the highest values obtained with SVM.
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In the data produced from the F distribution, there was no increase in sensitivity rates in the C5.0 algorithm after data
transformation. It was observed that NB and DVM, each individually, gave the highest sensitivity rates most frequently after EF
discrimination. Regardless of the number of observations or class distribution, the best results in sensitivity rates were achieved with the
NB algorithm.

In the study, the findings regarding the highest selectivity rates obtained with NB, C5.0 and SVM algorithms and how they were
obtained are given in Table 7.

In the data produced from normal distribution, there was no increase in the selectivity rates obtained from the raw data after data
transformation in NB algorithms. The highest sensitivity rates were achieved with NB (Gaussian) in the data where the classes were
distributed precisely balanced (0.5) and with SVM in all unbalanced distributions. Both algorithms achieved their highest values with the
most frequent raw data. In the C5.0 algorithm, the effect of EG discrimination in increasing the selectivity rate, especially in unbalanced
class distributions larger than 100 observations, is noteworthy.

In the data generated from the chi-square distribution, there was no increase in NB after data transformation. While C5.0 (EF)
provides the highest selectivity rates in 0.1-0.2 class distributions per 100 observations and NB (Gaussian) in 0.4-0.5 class distributions
per 10000 observations, the highest selectivity rates are achieved with SVM in all remaining data types was done. In SVM, the highest
values were obtained with raw data, most frequently in data larger than 100 observations and with unbalanced class distributions, and
with z-score normalisation in a fully balanced (0.5) distribution. In the C5.0 algorithm, while the superiority of EF discrimination was
noted in unbalanced distributions in 100 observations, high selectivity rates were achieved more frequently with EG discrimination in
more extensive observations.

In the data produced from the F distribution, it was seen that NB showed the highest selectivity success in fully balanced
distributions for all observation numbers. While NB showed the highest success in the 0.4 class distribution out of 100 observations, the
highest selectivity rates were achieved with SVM in all the remaining unbalanced class distributions. SVM reached its highest rate with
EF in fully balanced distributions and minimum-maximum normalisation in unbalanced distributions. EG discrimination seems most
effective on the C5.0 algorithm, increasing the selectivity rate, especially in unbalanced class distributions.

The study includes the findings regarding the highest positive predictive values (PKV) obtained from all simulation scenarios with
NB, C5.0 and SVM algorithms and how they were obtained in (Table 8).

In the data produced from the normal distribution, there was no increase compared to the PKD obtained from the raw data after
the data transformation in the NB algorithm. The highest PKD was obtained with SVM (M) in 100 observations and 0.1 class distribution,
and NB (Gaussian) in all remaining data types. In the C5.0 algorithm, the effect of EG discrimination is noteworthy, especially in cases
with unbalanced class distributions larger than 100 observations.

In the data generated from the chi-square distribution, the data transformation did not produce any increase in NB. SVM for PKD
showed the highest success in all data types except 1000 observations 0.2 class distribution, and 10000 observations. The highest PKD
was reached with NB (Gaussian) in 10000 observations. The highest positive predictive values were most frequently obtained in SVM
with z-score transformation. While the C5.0 algorithm reaches the highest selectivity rates with raw data at 100 observations, the
superiority of EG over other transformations or raw data stands out, especially for unbalanced class distributions at 1000 observations.

In the data generated from the F distribution, it was seen that NB reached the highest PKD in the 0.4-0.5 class distributions for
observation numbers 100 to 500 and in the 0.3-0.4-0.5 class distributions for 1000 to 10000 observation numbers. In all remaining
unbalanced class distributions, SVM showed the highest success. While the highest PKD was achieved with raw data in 100 observations
in NB and EF in other observations, the minimum, maximum normalisation success rate in SVM is noteworthy. In the C5.0 algorithm, it
is seen that PKD success is most often achieved with raw data.

The study includes the findings regarding the highest negative predictive values (NCV) obtained with NB, C5.0 and SVM
algorithms and how they were obtained in Table 9.

In the data produced from the normal distribution, there was no increase compared to the NKV obtained from the raw data after
data transformation in the NB and C5.0 algorithms. The highest NKD in all data types was obtained with NB (Gaussian). Looking at the
SVM findings, it can be seen that the superiority of z-score normalisation over minimum and maximum increases as the number of
observations increases and the balance ratio in classes decreases.

There was no increase in the data produced from the chi-square distribution compared to the N\VVC obtained from the raw data after
the data transformation in the C5.0 algorithm. The highest NCD was obtained with SVM in 100 observations and all data types except
0.1 class distribution. The minimum-maximum normalisation effect was high in reaching the highest values in SVM. In NB, high values
were most frequently reached with raw data.

In the data generated from the F distribution, the data transformation in the C5.0 algorithm did not have an increasing effect on
NCD. It was observed that the highest NCD was achieved with C5.0 in the 0.1 class distribution for observation numbers between 1000
and 10000, and NB (EF) was achieved for all the remaining data types. The effect of EF discrimination is noteworthy in SVM and NB.

1V.2 DISCUSSION

In the current study, results were obtained on the raw data produced by simulation from different sample distributions, at different
numbers of observations and different equilibrium distribution ratios of classes, as well as on the data obtained with four different
transformation methods using NB, C5.0 and support vector machine classification algorithms. The performances of the three algorithms
after data transformation and the raw data were compared with six different performance evaluation criteria [27].

In the study, when NB, C5.0 and SVM algorithms were compared in terms of general performance, it was seen that NB gave more
successful results in data produced from a normal distribution and F distribution, and SVM gave more successful results in data produced
from the chi-square distribution. When the results obtained from data generated from three sample distributions and without any pre-
processing were compared with the results obtained after normalisation, it was seen that normalisation methods generally did not increase
the classification performance of the NB algorithm. In the C5.0 decision tree algorithm, normalisation generally did not make any
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difference compared to the results obtained from the raw data. In SVM, normalisation transformations generally increased all performance
measures except the selectivity rate [28].

Kumar et al. (2019) [29], [30] investigated the all the roles of the linear discriminant analysis, k-nearest neighbour, NB, SVM,
decision trees, random forest, and multilayer perceptron algorithms in performing minimum-maximum normalisation on Alzheimer's
data. In their study, NB gave better results in the overall performance comparison of the algorithms. He reported that minimum-maximum
normalisation did not affect the performance of decision trees and NB algorithms much, while the SVM algorithm significantly improved
its performance.

Siledar and Chaudhary (2017) [31] investigated the effect of z-score normalisation in the decision tree (C4.5) and NB on the 24-
variable "Credit" data with 30000 observations obtained from the UCI data warehouse. They reported no change in the decision tree
(C4.5) after Z-score normalisation, but there was an increase in NB. In our study, there was no increase in NB after z-score normalisation.
It is thought that the reason for this difference is that we prefer the "Kernel" probability density function instead of "Gaussian" for data
that is not normally distributed.

The current study showed that the z-score transformation was more effective in increasing the performance, especially with the
increase in the number of observations in the data produced from the normal distribution in the SVM algorithm. In data generated from
chi-square distribution, z-score normalisation gave higher results in a fully balanced class distribution, and minimum-maximum
normalisation gave higher results in data with an unbalanced distribution of classes. While minimum-maximum normalisation caused a
decrease in performance in data produced from the F distribution, more successful results were obtained with z-score normalisation in
data larger than 100 observations.

In our study, selectivity rates differed from other performance measures in SVM regarding conversion results. While other
performance criteria in the SVM algorithm generally increased with normalisation, there was an increase in selectivity rates only in fully
balanced class distributions. There was generally no increase in normally distributed data in unbalanced class distributions, but an increase
was achieved in chi-square distribution data with 100 observations. Higher selectivity rates were achieved with minimum-maximum
normalisation in the F distribution without changing according to the number of observations in unbalanced class distributions. There was
no increase in C5.0 and NB as in other performance criteria.

Suma et al. (2016) [32] compared normalisation methods on the “Breast” data obtained from the UCI data warehouse regarding
general accuracy rate, sensitivity and selectivity rates in linear discriminant analysis, SVM, NB, artificial neural networks and decision
tree algorithms. In their study, they achieved the best performance with NB. While there was no increase in performance values with
minimum-maximum normalisation in NB, it was shown that there was an increase in general accuracy rates with z-score normalisation.
They showed that both methods increased the accuracy rates equally for SVM, while the minimum-maximum normalisation increased
the sensitivity and selectivity rates. When Suma et al.'s study is compared with the NB findings in our study, it is thought that this
difference is due to our preference for the "Kernel™ probability density function instead of "Gaussian™ for data that is not normally
distributed.

In our study, it was observed that there was a decrease in the performance of NB in the data produced from normal distribution
and chi-square distribution with unsupervised discrimination methods. More successful results were obtained in the NB classification, in
which the data generated from the F distribution and converted to categorical form by the equal frequency spacing (EF) method, one of
the unsupervised discrimination methods, was compared to the results obtained from the raw data.

Wang et al. (2023) [33] compared the error rates of different discrimination methods in the classification result of the NB algorithm
on 35 data sets obtained from the UCI data warehouse. In their comparison, it was seen that EF provided lower error rates in NB compared
to EG.

The current study observed that unsupervised discrimination methods caused a decrease in the accuracy rate, AUC value,
sensitivity rate and negative predictive value performances of the C5.0 algorithm. When classification performances were considered in
terms of selectivity rate, it was seen that EG gave better results, especially with the increase in the number of observations in data where
classes were unevenly distributed. When the effect of data transformations on performance in terms of positive predictive value is
examined, the superiority of EG draws attention to data produced from normal and chi-square distribution, in which classes are unevenly
distributed and with several observations of 1000 and above.

Jiang et al. (2018) [17] used data from the UCI data warehouse to compare the results before discrimination in different classifiers
with the overall accuracy rates obtained after applying different discrimination methods. This study showed that while there was a
decrease in general accuracy rates in decision trees (C4.5) with EG, one of the discrimination methods, compared to before discrimination,
there was an increase in NB. Our study's overall accuracy rates decreased with EG in the C5.0 decision tree algorithm and NB. The reason
for the contradiction in the NB findings is thought to be the use of the "Kernel™ probability density function instead of "Gaussian" for
data that is not normally distributed.

Our study achieved an increase in SVM performance with unsupervised discrimination methods. EF discrimination was more
effective than EG in SVM performance in data generated from normal distribution and F distribution. Generally, higher performances
were obtained with EG in the discrimination of data generated from the chi-square distribution. According to the performance values
obtained after discrimination, NB showed higher success in data produced from a normal distribution and F distribution, and SVM showed
higher success in data produced from chi-square.

In the literature review [34], no study examining normalisation and discrimination methods together was found. When the
normalisation and discrimination methods are examined in our study, the superiority of the transformation methods over each other differs
in the classification algorithms of NB, C5.0 and SVM. In the C5.0 algorithm, no increase in performance was generally achieved with
either method. Better results were obtained with the EF discrimination method in the data produced from the F distribution in NB. In
SVM, a change was observed in the superiority of normalisation and discrimination methods over each other according to the data
distribution. In SVM, z-score helped to achieve the best results in the majority of data produced from a normal distribution, and minimum-
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maximum normalisation helped to achieve the best results in the majority of data produced from the chi-square distribution. In the data
generated from the F distribution, EF discrimination was more effective in increasing the performance of SVM.

V. CONCLUSIONS

In our study, the algorithm most affected by the normalisation and discrimination methods applied before classification was SVM,
while the C5.0 decision tree algorithm was determined to be the least affected algorithm. The C5.0 algorithm gave more robust results
regarding data transformations in the face of data that varied in terms of data distribution, number of observations and class distribution
ratio. It was seen that both normalisation and discrimination methods were influential in the performance of SVM and contributed to
better results. The advantages of normalisation methods over each other varied depending on the distribution of the data, the number of
observations, and whether the classes were evenly distributed. As the number of observations increased in normally distributed data, the
effect of z-score transformation in improving performance also increased. In data generated from chi-square distribution, z-score
normalisation gave better results in fully balanced class distributions, and minimum-maximum normalisation gave better results in
unbalanced class distributions. In the data generated from the F distribution, more successful results were obtained in the data transformed
with z-score normalisation compared to the minimum-maximum normalisation. In the transformations made with discrimination, there
was a change in the superiority of the two methods over each other according to the data distribution patterns. EF discrimination was
more effective in SVM performance than EG for data generated from normal distribution and F distribution. Generally, higher
performances were obtained with EG in the discrimination of data generated from the chi-square distribution. According to the
classification success achieved with SVM, among both approaches, normalisation methods are more effective in average and chi-square
distribution, and EF unsupervised discrimination method is more effective in F distribution. In the NB algorithm, there was generally no
increase in performance values with normalisation methods. The effect of unsupervised discrimination methods was seen in the
classification made with the data produced from the F distribution. Better results were obtained from the data converted with the EF
method compared to the raw data not subjected to pre-processing. When the advantages of the classification algorithms used in the study
are examined, the data produced from the normal distribution and F distribution are, respectively. It was observed that normalisation
methods and SVM gave more successful results in the data produced from raw data and EF and NB, chi-square distribution.
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APPENDIX A
Table 5. The Highest AUC Values Obtained in The Study.
AUC values
i . N =100 N =500 N =1000 N =10000
Dispersed Ratio
NB C5.0 SVM NB NB C5.0 SVM NB NB C5.0 SVM NB
o1 0.899 0.681 0.891 0.953 0.749 0.931 0.956 0.777 0.934 0.96 0.862 0.95
' *#), 1, *#1, 41, *# 1, # *#1 # i *# 1 df
0.2 0.927 0.748 0.913 0.956 0.812 0.935 0.958 0.831 0.94 0.959 0.883 0.951
' *H#, *#1, *#1, *#1, *H#, # *H#, *H#, 1, *H#, *#1, df
Normal 0s 0.94 0.77 0.92 0.957 0.838 0.936 0.957 0.851 0.943 0.959 0.895 0.951
' *H#, *#1, *#1, *#1, *H#, L *H#, *H#, 1, *H#, *#1, 1,
o4 0.944 0.783 0.926 0.958 0.85 0.939 0.958 0.862 0.945 0.959 0.901 0.953
' *H#1 *H# *H# *H# *#1 8 *#1 *#1 B *#1, *H#1 B
os 0.947 0.791 0.925 0.958 0.852 0.94 0.958 0.865 0.944 0.96 0.904 0.954
' *#1 *H# *H# *H# *#1 8 *#1 *#1 B *#1, *H#1 B
o1 0.791 0.644 0.854 0.881 0.723 0.909 0.898 0.72 0.917 0.919 0.806 0.921
) a# >4, L >4, *H#, # *H#, *H#, # *H#, *#1, #
0 0.836 0.698 0.888 0.896 0.757 0.916 0.905 0.773 0.916 0.921 0.833 0.921
' *#, >4, # >4, *H#, # *H#, *H#, # *H#, *#1, #
) 03 0.854 0.731 0.898 0.9 0.783 0.915 0.908 0.799 0.918 0.921 0.844 0.921
x ' *#1 *H# # *H# *#1 # *#1 *#1 # *#1, *H#1 #
oa 0.855 0.738 0.901 0.902 0.796 0.916 0.911 0.811 0.92 0.922 0.851 0.922
' *H#1 *H#1 # *H#1 *H#1 # *#1 *H#1 # *#1, *H#1 1.$
os 0.86 0.744 0.896 0.906 0.801 0.914 0.911 0.813 0.917 0.922 0.853 0.922
) *#, >4, # >4, *H#, L *H#, *H#, 1, *H#, *#1, 1.$
o1 0.851 0.694 0.763 0.936 0.808 0.898 0.954 0.859 0.925 0.97 0.902 0.964
' $ *#1 $ $ * 4,1, $ $ * 4,1, $ $ =1, $
0.2 0.898 0.768 0.837 0.959 0.881 0.926 0.967 0.907 0.944 0.975 0.948 0.971
' $ *# 1 $ $ *#1, $ $ *#1, $ $ a# $
0.922 0.813 0.857 0.967 0.906 0.934 0.973 0.929 0.952 0.977 0.959 0.974
F — distribution 0.3
*H#1 $ $ *H#1 $ $ *#1 $ $ *#1, $ *#1,
o 0.921 0.822 0.857 0.969 0.915 0.938 0.974 0.934 0.953 0.978 0.962 0.975
) *#1, $ $ *#1, $ $ *#1, $ $ *#1, $ $
05 0.924 0.834 0.857 0.97 0.921 0.925 0.975 0.937 0.954 0.978 0.962 0.975
' $ *#1, $ $ * 4,1, $ $ * 4,1, $ $ =1, $

Note  *: Raw data;
1. Z-Score Normalization;

$: Equal Frequency Spacing Discrimination.

#: Minimum-Maximum Normalization;

df: Equal Width Spacing Discrimination;

Source: Authors, (2025).
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APPENDIX B
Table 6. The Highest Sensitivity Rates Obtained in The Study.

Sensitivity Ratios

o _ N =100 N =500 N = 1000 N = 10000
Distribution Ratio
NB C5.0 SVM NB NB C5.0 SVM NB NB C5.0 SsVM NB
o1 0.475 0.349 0.331 0.606 0.435 0.573 0.622 0.477 0.612 0.636 0.555 0.623
: * 4] * 4| # * 4] * 4 # * 4 * 4] # * 4 * 4] !
0.2 0.67 0.528 0.618 0.725 0.594 0.729 0.732 0.614 0.717 0.738 0.669 0.73
: * 4] * 4| # * 4] * 4 # * 4 * 4] # * 4 * 4] !
0.762 0.613 0.742 0.793 0.683 0.773 0.796 0.699 0.782 0.801 0.74 0.796
Normal 0.3
* 4] * 4] # * 4] * # * 4| * 4] ! * 4 *#)] !
04 0.823 0.69 0.827 0.843 0.743 0.822 0.841 0.758 0.832 0.845 0.792 0.842
' * 4] *#)] # * 4] * 4| ! * 4| * 4] ! * 4 * #)] !
05 0.866 0.745 0.83 0.879 0.795 0.866 0.879 0.803 0.869 0.881 0.834 0.88
: * 4] * 4 ! * #)] * #) ! * #) * 4] ! * 4 * 4] !
o1 0.248 0.264 0.172 0.369 0.336 0.408 0.39 0.36 0.468 0.444 0.399 0.522
: * 4] * 4 ! * #)] * #) # * #) * 4] # *H#H1$ * 4] #
0.2 0.474 0.437 0.468 0.557 0.497 0.658 0.579 0.514 0.674 0.61 0.555 0.632
: * 4 * 4] # * 4] * 4| # * 4| * 3| # $ * 3| #
) 0.3 0.613 0.546 0.679 0.682 0.602 0.758 0.688 0.617 0.733 0.709 0.655 0.73
X ' * 4 *#)] # * 4] * 4| # * 4| * #)] # * 4 * #)] #
04 0.701 0.626 0.793 0.762 0.681 0.79 0.77 0.694 0.8 0.783 0.729 0.802
: * 4 * #) # * 4 * #) # * #) * 4] # *#) * 4 #
05 0.783 0.704 0.821 0.827 0.748 0.835 0.829 0.757 0.837 0.838 0.791 0.849
: * 4 * 4] # * 4 * #) ! * #) * 4] ! *#) * 4 #
o1 0.497 0.38 0.148 0.573 0.549 0.394 0.612 0.632 0.476 0.673 0.712 0.651
' $ * # * $ *H# $ $ * #,1 $ $ *#, $
0.2 0.681 0.563 0.375 0.755 0.705 0.624 0.776 0.735 0.683 0.803 0.781 0.788
' $ * $ $ *#, $ $ *# $ $ *# $
F— distributi 0.3 0.772 0.67 0.539 0.832 0.775 0.738 0.842 0.793 0.782 0.853 0.83 0.845
tstribution ' $ ") $ $ ) $ $ * ) $ $ * ) $
04 0.801 0.732 0.663 0.87 0.819 0.805 0.878 0.829 0.834 0.886 0.866 0.88
' $ * $ $ *#) $ $ *# $ $ > $
05 0.838 0.784 0.762 0.901 0.851 0.843 0.907 0.863 0.874 0.913 0.89 0.907
' $ * # $ $ *#1 $ $ * #,| $ ! * #| $

Source: Authors, (2025).
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APPENDIX C
Table 7: The highest selectivity rates obtained in the study.

Selectivity rates

. . N =100 N =500 N =1000 N =10000
Distribution Ratio
NB C5.0 SVM NB NB C5.0 SVM NB NB C5.0 SVM NB
01 0.986 0.998 0.999 0.988 0.984 0.999 0.988 0.982 0.997 0.989 0.98 0.996
i *#1 $ * *#,1 $ * *#1.df $ * *#,1 df *
0.2 0.965 0.981 0.993 0.972 0.939 0.966 0.973 0.945 0.99 0.973 0.958 0.99
i *#1 $ * *#,1 df ! *#,1 df * *#,1 df *
N | 03 0.94 0.945 0.983 0.951 0.896 0.982 0.953 0.905 0.981 0.954 0.929 0.975
orma : =] $ * 4] df$ * = #1 df * A df *
04 0.907 0.808 0.96 0.928 0.85 0.961 0.928 0.863 0.969 0.93 0.895 0.935
i *#) *#,1.df * *#,1 *#,1 * *#,1 df * *#,) df *
05 0.876 0.762 0.86 0.895 0.803 0.873 0.897 0.818 0.88 0.9 0.857 0.896
) *#1 *#,1 # *#,1 * i, ! *#,1 * 4, ! *#,1 * 4, 1.df !
0.975 0.999 0.99 0.983 0.991 0.995 0.985 0.987 0.994 0.985 0.98 0.992
01 *#,1 $ ! *#1 $ $ *#1 $ * *#1 df *
0.939 0.988 0.985 0.955 0.941 0.974 0.958 0.943 0.969 0.96 0.944 0.966
0.2
*#1 $ $ *#1 df * *#,1 df * *#1 df *
0.899 0.944 0.947 0.92 0.885 0.944 0.926 0.89 0.935 0.929 0.901 0.936
2 0.3
x ) $ df 41 df * 41 df * 41 df *
0 0.844 0.781 0.858 0.879 0.819 0.9 0.885 0.829 0.888 0.893 0.854 0.891
4
*#1 df df *#,1 df * *#,1 $ * *#,1 $ *
0.777 0.707 0.801 0.827 0.751 0.836 0.834 0.766 0.837 0.848 0.796 0.844
0.5
* 4,1 *#,1 # *#,1 * 3,1 ! *#,1 * 3,1 ! *#1 * 3,1 1$
0 0.982 0.995 0.998 0.991 0.993 0.998 0.992 0.994 0.998 0.996 0.996 0.998
1
df $ #.1 df df # df df # df df #
0.962 0.975 0.991 0.978 0.977 0.993 0.981 0.982 0.993 0.991 0.992 0.995
0.2
df df # df df # df df # df df #
0.924 0.934 0.976 0.95 0.948 0.979 0.957 0.958 0.981 0.98 0.979 0.981
F — distribution 0.3
*1 df # *.1 df # $ df # df df #
0 0.905 0.842 0.945 0.934 0.897 0.925 0.938 0.911 0.926 0.946 0.937 0.943
4
* *#1 # *.1 $ # $ $ # $ df $
0.875 0.789 0.782 0.908 0.867 0.857 0.917 0.887 0.888 0.925 0.911 0.921
0.5
*1 *#,1 $ *1 *#,! $ $ $ $ $ *#,! $

Source: Authors, (2025).
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APPENDIX D

Table 8. The highest positive predictive values obtained in the study.

Positive Predictive Values

N =100 N =500 N =1000 N = 10000
Distribution Ratio
NB C5.0 SVM NB NB C5.0 SVM NB NB c5.0 SVM NB
ol 0.828 0.471 0.837 0.858 0.604 0.826 0.86 0.652 0.83 0.865 0.742 0.851
' * 41 * 41 # * 41 df ! * 41 df 1 * 31 df !
02 0.853 0.603 0.825 0.872 0.677 0.842 0.874 0.716 0.849 0.873 0.79 0.866
' * 41 * 41 # * 41 df ! * 41 df 1 * 31 df !
0.863 0.678 0.841 0.876 0.731 0.853 0.88 0.75 0.86 0.881 0.814 0.877
Normal 0.3
* 41 * 41 1 * 41 * ! * 41 df 1 * 41 df !
oa 0.868 0.724 0.844 0.888 0.772 0.862 0.887 0.785 0.871 0.889 0.833 0.885
) * 41 * 41 1 * 41 * i 1 * 41 * i 1 * 41 df !
o5 0.883 0.773 0.865 0.895 0.805 0.874 0.89 0.817 0.88 0.898 0.854 0.895
' * 41 * 41 # * 41 * i 1 * 41 * i 1 * 41 * | !
o1 0.559 0.362 0.718 0.721 0.47 0.744 0.749 0.524 0.753 0.77 0.626 0.759
' * 41 * 41 # * 41 * i # * 41 df 1 * 41 df !
02 0.694 0.516 0.772 0.765 0.604 0.775 0.78 0.634 0.778 0.793 0.688 0.789
' * 41 * 41 1 * 41 $ ! * 41 df 1 * 41 df !
) 03 0.743 0.602 0.782 0.789 0.662 0.798 0.801 0.682 0.803 0.812 0.731 0.81
x ' * 1 * 41 ! * 4 df 1 * 41 df 1 * 41 $ !
oa 0.767 0.669 0.802 0.811 0.713 0.817 0.819 0.724 0.82 0.829 0.765 0.827
’ * 1 * 41 ! * 41 # 1 * 41 * 1 * 41 $ !
o5 0.789 0.718 0.817 0.829 0.753 0.837 0.834 0.766 0.839 0.846 0.793 0.844
’ * 41 * 4 # * 4 # 1 #. * i 1 * 41 * i !
o1 0.538 0.576 0.894 0.756 0.786 0.94 0.795 0.833 0.938 0.871 0.874 0.935
) $ * 41 ! $ df # $ ! # * df #
02 0.698 0.708 0.879 0.846 0.794 0.879 0.857 0.833 0.923 0.893 0.88 0.934
) $ $ # $ df ! $ * 41 # #1 ! #
o 0.786 0.754 0.859 0.879 0.84 0.884 0.894 0.84 0.891 0.904 0.883 0.902
F — distribution 0.3
* * 41 # $ $ # $ * | # $ * i $
04 0.829 0.777 0.824 0.898 0.84 0.851 0.906 0.862 0.875 0.916 0.895 0.911
] * *H # $ $ $ $ *#,1 $ $ * 4,1 $
o5 0.861 0.802 0.79 0.908 0.868 0.856 0.917 0.886 0.887 0.924 0.91 0.92
' * * 4,1 $ $ 4| $ $ 4| $ $ 4| $

Source: Authors, (2025).
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Table 9. The highest negatives prediction values were obtained in the study.

APPENDIX E

Negative Predictive Values

Distribution Ratio N =100 N =500 N =1000 N =10000
NB C5.0 SsVM NB C5.0 SVM NB C5.0 SsVM NB C5.0 SsVM
Normal 0.1 0.946 0.93 0.932 0.958 0.939 0.954 0.959 0.943 0.958 0.961 0.952 0.959
*H#! > # *H#! * ! # *H! *#! # ! *#! !
0.2 0.924 0.887 0.913 0.935 0.902 0.934 0.936 0.907 0.932 0.937 0.92 0.935
*H#! > # *H#! * ! # *H! *#! # ! *#! !
0.3 0.907 0.844 0.897 0.916 0.868 0.906 0.917 0.875 0.91 0.918 0.892 0.916
*H#! > # *H#! * ! # *H! *#! ! ! *#! !
0.4 0.891 0.805 0.889 0.9 0.834 0.886 0.898 0.843 0.892 0.9 0.866 0.898
*#,! *#,! # *#,! *#,! ! *#,! *#,! ! *#,! *#,! !
0.5 0.877 0.763 0.844 0.883 0.799 0.869 0.882 0.808 0.872 0.884 0.838 0.882
*#,! *#,! ! *#,! *#,! ! *#,! *#,! ! *#,! *#,! !
x* 0.1 0.924 0.921 0.916 0.934 0.929 0.938 0.936 0.931 0.943 0.941 0.936 0.948
$ *#! #.!1 *#,! *#,! # *#,! *H#! # *#1.$ *#! #
0.2 0.88 0.865 0.882 0.897 0.879 0.917 0.901 0.883 0.92 0.908 0.894 0.912
*#,! *#,! # *#,! *#,! # *#,! *#,! # *#,! *#,! #
0.3 0.849 0.815 0.874 0.872 0.836 0.897 0.874 0.842 0.889 0.882 0.858 0.888
*#,! *#,! # *#,! *#,! # *#,! *#,! # *#,! *#,! #
0.4 0.815 0.767 0.868 0.848 0.795 0.864 0.853 0.802 0.869 0.86 0.825 0.869
*#,! *#,! # *#,! *#,! # *#,! *#,! # *#,! *#,! #
0.5 0.792 0.716 0.827 0.829 0.752 0.838 0.831 0.761 0.838 0.84 0.792 0.847
*#,! *#,! # *#,! *#,! ! *#,! *#,! ! *#,! *#,! #
F — distribution 0.1 0.945 0.934 0.914 0.954 0.951 0.936 0.958 0.96 0.944 0.964 0.969 0.962
$ *#! *1 $ *#! $ $ *#,! $ *#1$ *#! $
0.2 0.923 0.897 0.864 0.941 0.928 0.912 0.946 0.936 0.924 0.952 0.947 0.948
$ *#! $ $ *#! $ $ *H#! $ $ *#! $
0.3 0.906 0.869 0.829 0.93 0.907 0.894 0.934 0.914 0.91 0.939 0.929 0.935
$ *#! $ $ *#! $ $ *H#! $ $ *#! $
0.4 0.875 0.833 0.802 0.916 0.883 0.876 0.921 0.89 0.893 0.926 0.913 0.922
$ *#! $ $ *#! $ $ *H#! $ $ ! $
0.5 0.85 0.797 0.78 0.903 0.856 0.846 0.908 0.869 0.877 0.913 0.893 0.908
$ *#! $ $ *#! $ $ *# $ ! *#,! $

Source: Authors, (2025)
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