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ABSTRACT

The present study investigates the optimization of machine learning algorithms, specifically the
Naive Bayes classifier, in the context of Educational Data Mining (EDM). The primary objective is
to scrutinize the impact of various feature selection algorithms on the performance of the model.
Six feature selection methods—Information Gain, Gain Ratio, Symmetric Uncertainty Coefficient,
Relief-F, Correlation-Based Feature Selection, and One R measure—are employed for an
exhaustive comparative analysis. The research utilizes the "Higher Education Students
Performance Evaluation" dataset available on the UCI Machine Learning Repository. This dataset
is particularly robust, comprising 145 samples and 33 features, out of which 30 have been
meticulously chosen for this study. The criteria for feature selection were based on their presumed
relevance and potential impact on academic performance. Upon implementing the Naive Bayes
algorithm, the study discerns that the Gain Ratio method emerges as the most proficient, boasting
an accuracy rate of 60%. Interestingly, aside from the Correlation-Based Feature Selection, the
semester grade point average stands out as the most significant feature affecting student success
rates. According to the Gain Ratio method, additional influential variables, listed in descending
order of importance, include gender, the impact of projects/activities on academic success,
expected grade point average upon graduation, weekly study hours, type of scholarship received,
frequency of reading non-academic literature, mother's educational level, and participation in
departmental seminars/conferences as well as class attendance. The research affirms the overall
effectiveness of feature selection methods, with the exception of the One R method, in enhancing
the predictive accuracy of the Naive Bayes algorithm. These findings not only validate the utility of
feature selection in EDM but also provide invaluable insights for researchers and educators
interested in advancing the methodologies in the field of Educational Data Mining.
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INTRODUCTION

Education serves as a critical parameter reflecting the level of advancement in societies. Given this significance,
investigating the factors affecting the academic success of students across various educational levels, from
primary to higher education, is of utmost importance. In order to facilitate academic planning, implement
solutions, and develop strategies, a multitude of studies have been undertaken recently within this field
(Akgoltekin, Engin & Sevgin, 2017). Researchers are increasingly utilizing Educational Data Mining (EDM)
techniques to overcome the limitations of traditional statistical methods (Baker, 2010; Fernandes et al., 2019;
Sevgin & Onen, 2022; Giire, 2023). EDM is a discipline that enables the analysis of large educational datasets,
integrating diverse fields such as database management, data warehousing, statistics, and machine learning
(Anuradha & Velmurugan, 2016). The applicability of EDM ranges from predicting school dropout rates,
establishing the relationship between university entrance exam results and academic performance, to generating
highly accurate student performance models (Ramaswami & Bhaskaran, 2009; Anuradha & Velmurugan, 2016).
These techniques assist decision-makers in making rational choices, thereby contributing to the enhancement of
educational quality. Like other sectors, the field of education generates large and complex datasets. The
elimination of irrelevant or unnecessary variables from these datasets is a critical step (Budak, 2018). Feature
selection methodologies optimize the performance of prediction models by eliminating such redundant variables
(Punlumjeak & Rachburee, 2015). These methodologies play a significant role in enhancing prediction accuracy

and laying the foundation for educational strategies (Zaffar et al., 2020).

The present study aims to examine various feature selection methods, including Information Gain (IG), Gain Ratio
(GR), Correlation Based (CB), Symmetric Uncertainty (SU), Relief-F, and One R measure, in determining factors
affecting the academic success of university students. To compare the efficacy of these methods, the Naive Bayes
algorithm has been employed. Moreover, it is aimed to make predictions with minimum error and high accuracy,
as well as to compare the performances of feature selection methods.The research intended to address the

following questions in this direction:

1. What are the factors affecting students' success according to feature selection methods?
2. Do the prediction performance of feature selection methods differ?

3. Does the use of feature selection methods affect the performance of the Naive Bayes method?

Related Studies

Thoroughly examining existing literature makes it is clear that data mining techniques are widely used to forecast
student performance. A limited number of studies have utilized the "Higher Education Students Performance
Evaluation dataset," which is the focus of the current investigation. For instance, in a study conducted by
Hengpraprohm, Hengpraprohm, and Sudjitjoon (2022), algorithms like K-Nearest Neighbor (KNN), Random
Forest (RF), Artificial Neural Network (ANN), and Linear Regression were employed, incorporating feature

selection methods such as IG, GR, CB, and Chi-Square (CS). Similarly, a study by Jabardi (2022) utilized algorithms
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like RF, AdaBoost, Decision Tree (DT), Naive Bayes (NB), and Multi-Layer Perceptron (MLP). Additionally, Phatai

and Luangrungruang (2023) employed ANN and metaheuristic algorithms to classify student performance.

In a second category, other studies that have applied feature selection methods were also considered. A study
by Goker, Bulbil, and Irmak (2013) utilized NB, J48, Bayes Net, and Radial Basis Function (RBF) neural network
algorithms and applied feature selection methods like IG, GR, SU, One R, and CS. Punlumjeak and Rachburee
(2015) evaluated feature selection methods such as |G, minimum redundancy, and maximum relevance in the
context of NB, DT, KNN, and ANN algorithms, along with genetic algorithms and Support Vector Machine (SVM).
A study by Estrera et al., (2017) employed DT, NB, and KNN algorithms, applying CS, |G, and GR as feature
selection methods. Zaffar et al., (2018) enriched their research by incorporating additional methods like principal

component analysis and the Relief method.

Considering this extensive literature, it becomes clear that there are performance disparities between various
algorithms and feature selection methods. For instance, a novel feature selection method combining Chi-square
and Mutual Information, proposed by Sokkhey and Okazaki (2020), demonstrated superior performance. Again,
Mythili and Shanavas (2014) applied |G and GR feature selection methods in their study in which they used J48,
RF, MLP, IBI, KNN and Decision Table methods. Rahman Setiawan and Permanasari (2017) evaluated the
performance of Naive Bayes (NB), Decision Tree (DT), and Artificial Neural Networks (ANN) algorithms using
wrapper and IG feature selection methods. Moreover, a study by Makhtar et al., (2017) applied the Best First
algorithm as a feature selection method while utilizing algorithms like NB, Random Tree, KNN, Multi-class
classifier, and Conjunctive Rule. Velmurugan and Anuradha (2016) for this purpose; In their studies, they used
148, NB, Bayes Net, IBk, OneR, and JRip methods; They used Best First Search, CB, Wrapper, CfsSubset, CS, IG and
Relief methods. In addition; Ramaswami and Rathinasabapathy (2012) used other methods, except the One R
method, among the feature selection methods used in the current study to predict students' success. Yahdin et
al., (2021) used NB and KNN methods to measure the performance of the Relief feature selection method. In
their study, Anuradha and Velmurugan (2016) tried to determine the effect of CS and GR feature selection

methods using the NB method.
METHOD

Research Design

This research was conducted using a correlational design. A correlational design examines the relationship
between multiple variables (Karasar, 2006; Glire, Kayri & Erdogan, 2020). Using this approach provides an

effective framework to assess the complex connections between the variables of interest in the current study.

Employed dataset

The current study employs the "Higher Education Students Performance Evaluation dataset" available in the UCI

database (Yilmaz & Sekeroglu, 2019). The data file was obtained from
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https://archive.ics.uci.edu/dataset/856/higher+education+students+performance+evaluation. The dataset
encompasses information gathered from 145 (87 boys (60%) and 58 girls (40%)) students enrolled in faculties of
Education and Engineering. It includes variables related to familial background, personal information, and study

habits. Although the dataset contains 33 variables, the present study has utilized only 30 of these variables.

Data Analysis

The current study utilized the Weka data mining software to conduct the data analyses. Weka is a free, open-
source platform developed at the University of Waikato that contains a collection of machine learning algorithms
and data preprocessing tools (Hall et al., 2009). For this research, Weka enabled robust examination of the

relationships within the dataset through its tools for statistical analysis and machine learning techniques.

Feature Selection Methods

Feature selection methodologies hold a critical stance in the realm of data mining, particularly when dealing with
high-dimensional data sets. Such methods are ubiquitously employed in machine learning to select pertinent
subsets from a given feature set, thereby eliminating features that are either irrelevant or superfluous. Features
can also be referred to as attributes or variables. Feature selection aims to identify an optimal subset capable of
representing the original data set (Budak, 2018). It serves as a data preprocessing technique (Phyu and Oo, 2016),
consequently simplifying the data set by reducing the number of features, thereby facilitating a more efficient

analysis. These methods have found extensive utility across diverse disciplines (Guan et al., 2014).

In recent years, an intriguing approach has been proposed that integrates feature selection methods with
ensemble learning techniques. The overarching idea is to generate a multitude of feature selectors and
amalgamate their outputs. Feature selection serves as one of the techniques employed for dimensionality
reduction (Remeseiro & Bolon-Canedo, 2019). By discarding unrelated and superfluous features, these methods

not only simplify the analysis but also enhance the quality of the data (Guan et al., 2014).

The attributes of feature selection methods are manifold, encompassing the elimination of noisy and irrelevant
data, reduction in the dimensionality of the feature set, augmentation in algorithmic speed, enhancement of
data quality, and improvement in the performance of the derived model (Ladha & Deepa, 2011). Given these
capabilities, a plethora of methods related to feature selection has been developed in recent years (Solorio-
Fernandez, Carrasco-Ochoa & Martinez-Trinidad, 2020). These methods are applied across different fields for

classification, clustering, and regression analyses (Jovi¢, Brki¢ & Bogunovi¢, 2015).

Feature selection methods can be broadly categorized into supervised, semi-supervised, and unsupervised
methods. Supervised methods necessitate a labeled dataset to identify and select pertinent features. The label
assigned to each object in the dataset could be a categorical, ordinal, or real value. Semi-supervised methods
require labeling only for a subset of objects, while unsupervised methods do not necessitate a labeled dataset

(Solorio-Fernandez, Carrasco-Ochoa & Martinez-Trinidad, 2020).
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In the current study, specific feature selection methods such as Information Gain, Gain Ratio, and Symmetric
Uncertainty Coefficient, along with Relief-F, Correlation-Based Feature Selection Method, and One R measure,

are discussed and evaluated.

Information Gain Attribute Evaluation

The entropy measure serves as an indicator of sample homogeneity in information t(Abe & Kudo, 2005). Ranging
from O to 1, an entropy of zero denotes homogeneity among samples, while a value of one signifies a lack of such
homogeneity (Sastry et al., 2010). Information Gain (IG) is an entropy-based feature selection technique widely
deployed in machine learning. The method is instrumental in identifying attributes that are most informative
regarding the dependent class variable (Win & Kham, 2019). IG quantifies the reduction in entropy in attribute Y
facilitated by the utilization of attribute X (Novakovi¢, Strbac, & Bulatovi¢, 2011). Notably, the method is
classifier-agnostic, enabling its application across various classification models (Win & Kham, 2019). However, IG
is susceptible to bias towards features with higher numerical characteristics but lesser information, considered

a limitation of the method (Tripathi & Trivedi, 2016).

The mathematical formulations for Information Gain are as follows:

HY) = =Y,erp(Mlog, (p(¥)) (1)
H(Y\X) == erX p(x) Zer P(J’\x)l(’gz (p(y\x)) (2)
Information Gain = H(Y) — H(X\Y) (3)

Here, H(X) represents the entropy of X, while H(X\Y) indicates the entropy of X after Y is observed (Win & Kham,
2019).

Gain Ratio Attribute Evaluation

The Gain Ratio is a non-symmetrical measure conceived to counter the inherent bias in Information Gain
(Novakovi¢, Strbac, & Bulatovié¢, 2011; Tripathi & Trivedi, 2016; Al Janabi & Kadhim, 2018). The Gain Ratio is

defined as:

. i Information Gain
Gainratio = ——— (4)
H(X)

The metric often outperforms basic Information Gain due to its complexity and classification accuracy (Quinlan,
1988; Rokach & Maimon, 2005).
Symmetrical Uncertainty Attribute Evaluation

The Symmetrical Uncertainty Coefficient is a metric designed to mitigate the inherent bias found in Information

Gain. It is normalized to a [0,1] range, much like entropy. A coefficient of 1 signifies that information in attribute
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X can fully predict that of attribute Y, whereas a value of 0 indicates no correlation between the two attributes

(Hall, 1999; Al Janabi & Kadhim, 2018).

The mathematical representation of the Symmetrical Uncertainty Coefficient is as follows:

Information Gain
H(X)+H(Y)

(5)

Symmetrical Unceartinity Coef ficient = 2

Relief-F Attribute Evaluation

The Relief method has been developed as a distance-based metric and is particularly effective in the realm of
two-class problems (Win & Khan, 2019). This algorithm evaluates the importance of a given feature by
scrutinizing the closest samples that fall within both the same and disparate classes, employing a form of iterative
sampling. Based on this evaluation, the method assigns a weight to each feature, which is directly correlated with
the feature's ability to delineate between classes. While the Relief method may not identify the most minimal
subset of features, it does excel in selecting features that bear statistical relevance. Subsequently, these features
are ranked, and those that achieve weights meeting or exceeding a user-defined threshold are selected for
further analysis (Kira & Rendell, 1992; Novakovi¢, Strbac & Bulatovi¢, 2011). Notably, Relief algorithms are
frequently employed as a preliminary feature subset selection technique prior to the actual learning phase of the

model (Kira & Rendell, 1992).

In the context of heuristic methods, feature independence is often emphasized to assess the quality of features.
However, such approaches are generally not well-suited for tackling problems where features interact in complex
ways. The Relief method distinguishes itself in this regard, as it operates without any such assumptions of feature
independence. This unique characteristic allows the Relief method to accurately assess the quality of features,
even in situations where there exists a strong interdependency among the features themselves (Marko & Igor,

2003).

Correlation Based Feature Selection

This heuristic-based method focuses on the ranking of feature subsets based on their correlation with the class
variables. It prioritizes features that are highly correlated with the class yet minimally correlated with each other,

thereby maximizing classification performance (Hall, 1999; Al Janabi & Kadhim, 2018).

The mathematical representation for this method is:

k¥,
— L
M = k+k(k—Dry (6)

One R Attributed

The One R method is a straightforward technique initially proposed by Holte. It focuses on feature selection
based on error rates, specifically by generating a rule for each feature in the training set and then selecting the

one with the lowest error rate (Novakovic, Strbac & Bulatovié, 2011). This method is versatile in handling various
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types of data, including instances with missing values, by treating such absent values as valid for computational
purposes (Al Janabi & Kadhim, 2018). It is particularly effective in scenarios involving multiple properties and
diverse classes, iteratively selecting a single best feature and formulating rules based solely on that chosen

attribute (Tripathi & Trivedi, 2016).

Naive Bayes

The Naive Bayes (NB) method employs Bayes' theorem for classification purposes. It offers a simple, rapid, and
effective probability-based classification approach conducive to the expeditious creation of accurate machine
learning models (Rish, 2001; Jabardi, 2022; Wickramasinghe & Kalutarage, 2021). The method possesses distinct
features such as computational efficiency, low variance, incremental learning, direct posterior probability
estimation, and robustness to noisy and missing data (Sammut & Webb, 2017). The NB algorithm does not
necessitate complex iterative parameter estimations, thereby simplifying its construction and interpretation (Wu
et al., 2008). It has been particularly noted for its strong performance on large datasets (Nikam, 2015; Jabardi,
2022). The NB method calculates a conditional probability for each relationship and utilizes this probability to

analyze the association between the independent and dependent variables (Muda et al., 2011).

Mathematically, the NB classifier operates based on Bayes' rule:

P(y\x) = (P(y)P(x\y))/P(x) (7)
Assuming conditional independence of the features given the class, this premise affords:

P(x\y) = ITiz1 P(x:\y) (8)
Here, x; represents the value of the ith feature in x, and n denotes the number of features.

P(x) = Ilizs P(c)P(x\c) 9)
Here, ¢c; denotes the ith class, and k signifies the number of classes. Upon normalization of the right-hand side
of the equation, Equation (7) is obtained (Webb, Keog, & Miikkulainen, 2010).

FINDINGS

Evaluation metric

Accuracy, precision, recall and F1 score were used as performance criteria in the study. The equations about

performance criteria are given below:

Table 1. Confusion Matrix
Estimated Class

No Yes Total

No N FP TN+FP

Real Class Yes FN TP FN+TP
Total TN+FN FP+TP TN+FN+FP+TP
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TP+TN

Accuracy =

.. TP
Precision =

TP
Recall = ——
TP+FN

F1 score = 2x

TP+FP

TP+TN+FP+FN

(Precision x Recall)

(Precision+ Recall)

(10)

The most important 10 variables obtained by using feature selection methods are given in Table 2.

Table 2. Variables Considered Important According to Different Feature Selection Methods

IG GR SuU Relief F Correlation One R
based
Cumulative grade  Cumulative grade  Cumulative grade  Cumulative grade Gender Cumulative grade

point average in
the last semester

point average in
the last semester

point average in
the last semester

point average in
the last semester

point average in
the last semester

Expected Gender Gender Scholarship type ~ Cumulative grade Expected
Cumulative grade point average in  Cumulative grade
point average in the last semester point average in
the graduation the graduation
Weekly study Impact of your Expected Gender Attendance to Number of

hours projects/activitie ~ Cumulative grade the sisters/brothers
S on your success point average in seminars/confere (if available):
the graduation nces related to
the department
Mother's Expected grade Weekly study Student Age Attendance to Weekly study
educational level point average in hours classes hours:
the graduation
Gender Weekly study Impact of your Mother's Total salary if Listening in
hours: projects/activitie  educational level available classes

s on your
success:

Scholarship type

Scholarship type

Mother's

Accommodation

Impact of your

Regular artistic or

educational level type projects/activitie sports activity: (
S Oh your success
Father’s Reading Scholarship type Weekly study Mother's Graduated high-
occupation frequency (non- hours: educational level school type
scientific
books/journals)
Reading mother's Reading Graduated high- Flip-classroom Transportation to
frequency (non- educational level frequency (non- school type the university
scientific scientific
books/journals) books/journals)
Impact of your Attendance to Mother's Reading Scholarship type Reading
projects/activitie the occupation frequency (non- frequency
sonyoursuccess seminars/confere scientific (scientific

nces related to
the department

books/journals)

books/journals)

Father’s
educational level

Attendance to
classes

Total salary if
available

Flip-classroom

Expected
Cumulative grade
point average in
the graduation

Attendance to
the
seminars/confere
nces related to
the department
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Subsequently, using the selected features, analyses were performed with the Naive Bayes method in the Weka

program. The analysis results are shown below.

Table 3. Performance of Feature Selection Methods Utilizing the Naive Bayes Method

Method Feature selection methods Accuracy Precision Recall Fl-score
All Features 49.65 0.48 0.49 0.48
IG 56.55 0.561 0.566 0.562
GR 60.00 0.595 0.600 0.597
Naive Bayes SuU 56.55 0.552 0.566 0.554
Relief-F 58.62 0.586 0.586 0.580
CB 56.55 0.548 0.566 0.553
OneR 49.65 0.442 0.497 0.465

As can be discerned from Table 3, Gain Ratio measures emerge as the most efficacious feature selection
methodology for pinpointing factors that influence student performance when utilizing the Naive Bayes
algorithm. It can be stated that, with the exception of the One R method, all other techniques have contributed

to enhancing the performance of the Naive Bayes approach.

Accuracy

GR SU

Relief-F CcC OneR

70

60

0 I |

All variables IG

5

o

4

o

3

o

2

o

1

o

Figure 1. Distribution of feature selection methods according to accuracy

Upon examining Figure 1, it is observed that the GR method performs better in terms of accuracy. The One R
method has a similar accuracy rate to the results of the analysis where all features are used. It is seen that other

methods enhance the classification performance of the Naive Bayes method.
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variables
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Figure 2. Distribution of feature selection methods according to precision

Figure 2 illustrates that the GR method outperforms others in terms of precision, whereas the One R method

registers the lowest rate.

Recall
70

60

0 I | | | | | I

All Relief-F cC OneR
variables

5

o

4

o

3

o

2

o

1

o

Figure 3. Distribution of Feature Selection Methods According to Recall

It is observed in Figure 3 that the GR method has a higher rate in terms of recall.
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F1-score

GR SuU

Relief-F cC OneR
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0 I |

All IG
variables

5

o
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o
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o

2

o

1

o

Figure 4. Distribution of Feature Selection Methods According to F1-score

Upon examining Figure 4, it is evident that the Gain Ratio (GR) method achieves the highest rate in terms of F-

measure, while the One R method registers the lowest rate.

CONCLUSION and DISCUSSION

The aim of this study is to identify the factors affecting the academic performance of university students by
employing feature selection methods including IG, GR, SU, CB, Relief-F, and One R Measure. To compare the
efficacy of these feature selection methods, the Naive Bayes classifier has been applied. According to the results
obtained via the NB classifier, Gain Ratio have emerged as the most effective feature selection methods, both
with an accuracy rate of 60%. The analysis further reveals that, with the exception of the CB method, the most
significant factor influencing student performance across all other methods is the student's grade point average
for the final semester. According to the GR method, the subsequent variables of importance, in descending order,
are: gender, impact of your projects/activities on your success expected grade point average in the graduation,
weekly study hours, scholarship type, frequency of reading non-academic books. mother's educational level,

attendance to the seminars/conferences related to the department, and attendance to classes.

In research closely related to our study, Hengpraprohm, Hengpraprohm, and Sudjitjoon (2022) employed KNN,
RF, ANN, and Linear Regression methods, incorporating IG, GR, CB, and CS for feature selection. They identified
IG and GR as the most efficacious methods. Specifically, when utilizing the GR method, the accuracy rates for
KNN and RF were observed to be 48.53% and 76.07%, respectively. In contrast, when employing the IG method,
ANN yielded an accuracy of 40.0%, and Linear Regression resulted in 54.37%. Additionally, their study discerned
several pivotal variables, including the student's grade point average in the final semester, academic
achievement expectations, frequency of reading non-academic books, and the presence of a divorced or

deceased parent.

2705



I.I E TSAR (International Journal of Education Technology and Scientific Researches) Vol: 8, Issue: 24, 2023
100. Yil Ozel Sayisi

Moreover, Jabardi (2022) examined the performance of RF, AdaBoost, DT, NB, and MLP for the same objective.
The observed accuracy rates were 78.62%, 84.82%, 74.48%, 66.20%, and 73.10%, respectively. Notably, they

underscored the superior performance of the AdaBoost method in comparison to the other techniques.

Punlumjeak and Rachburee (2015) explored an array of methods—NB, DT, KNN, and ANN—in conjunction with
feature selection techniques such as Genetic Algorithms, SVM, IG, Minimum Redundancy, and Maximum
Relevance. Their study found that the most effective performance was achieved when using the Minimum
Redundancy and Maximum Relevance feature selection method with KNN. Specifically, when employing the

Naive Bayes method, the highest accuracy rate of 83.87% was achieved under SVM feature selection.

Similarly, Goker, Bulbil, and Irmak (2013) used a variety of methods like NB, J48, Bayes Net, and RBF while
applying feature selection methods including IG, GR, SU, One R, and CS. They identified SU as the best feature
selection method with an average accuracy of 83.87%. Additionally, Rahman Setiawan and Permanasari (2017)
employed NB, DT, and ANN methods in their study, utilizing Wrapper and IG for feature selection. The accuracy
rate for NB using the Wrapper feature selection method was determined to be 75.41%, highlighting that feature

selection techniques enhance the performance of the Naive Bayes method.

Furthermore, Velmurugan and Anuradha (2016) conducted a study using multiple algorithms such as J48, NB,
Bayes Net, IBk, OneR, and JRip, while incorporating feature selection methods like Best First Search, Wrapper,
CfsSubset, CS, IG, and Relief. Their results showed that the highest performance was obtained using the CfsSubset
feature selection method, with Naive Bayes registering an accuracy of 98.56%. On the other hand, Anuradha and
Velmurugan (2016) focused on evaluating the effectiveness of the CB and GR feature selection methods using
the NB algorithm and found that CB outperformed GR, achieving an accuracy rate of 84%. Their findings
corroborate that feature selection methods enhance classification performance. Similar outcomes were also

reported in studies by Makhtar et al. (2017), Priyasadie and Isa (2021), and Yahdin et al. (2021).

In their seminal work, Ramaswami and Rathinasabapathy (2012) employed various feature selection methods,
with the exception of the One R method, that are also utilized in the current study, aimed at predicting student
performance. Their findings underscore not only the enhancement of predictive accuracy through the use of

feature selection methods but also a reduction in computational time required by the algorithms.

Our analysis indicates that, with the exception of the One R method, the implementation of feature selection
methods effectively enhances the classification performance of the Naive Bayes (NB) algorithm. This observation
aligns well with the results from existing literature in the field, further substantiating the contributions of our

study.

SUGGESTIONS

For forthcoming scholarly inquiries, it is advised to investigate the application of feature selection methods to

augment the effectiveness of data mining techniques. Additionally, the performance of various data mining
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methodologies could be assessed through empirical evaluations. Further investigations could also be conducted
on different datasets to broaden the scope and applicability of the findings. The current study utilized the Weka
software for evaluating feature selection methods; future research may benefit from exploring alternative

software solutions for a more comprehensive understanding.
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OGRENCILERIN BASARILARINI SINIFLANDIRMADA OZELLiK SECIM
YONTEMLERININ PERFORMANSLARININ iNCELENMESi

0z

Bu ¢alisma, Egitsel Veri Madenciligi (EDM) baglaminda makine 6grenme algoritmalarinin, 6zellikle
de Naive Bayes siniflandiricisinin optimizasyonunu arastirmaktadir. Birincil amag, cesitli 6zellik
secme algoritmalarinin modelin performansi Gzerindeki etkisini incelemektir. Bu ¢alismada; 6zellik
secim yontemlerinden Bilgi Kazanci, Kazang Orani, Simetrik Belirsizlik katsayisi, Relief-F, Korelasyon
tabanli ve One R 6zellik se¢cim yontemi kullanilarak, yliksek 6grenimde 6grenim goren 6grencilerin
basarilarini etkileyen faktérleri belirlemek amaglanmaktadir. Ozellik segim y&ntemlerinin etkisini
karsilastirmak amaciyla Naive Bayes yontemi uygulanmistir. Bu amagla, UCI Machine Learning
Repository veri tabaninda yer alan “Higher Education Students Performance Evaluation” veri seti
kullanilmigtir. Veri seti, 33 degisken ve 145 6rnekten meydana gelmektedir. Mevcut ¢alismada; 30
degisken kullaniimistir. Naive Bayes algoritmasinin uygulanmasinin ardindan calismada, Kazang
Orani yontemi %60'lik bir dogru siniflama oraniyla en basarili yontem olarak belirlenmistir. Kazang
Orani kullanilarak segilen 6zelliklere gére Naive Bayes yontemine ait dogru siniflama orani %60 ile,
en iyi performans gosteren 6zellik secim yontemi olarak belirlenmistir. Korelasyon tabanh 6zellik
secim yontemi hari¢ diger tim yodntemlerde Ogrenci basarisini etkileyen en 6nemli faktor,
Ogrencinin son yariyilda aldig1 genel not ortalamasi olarak tespit edilmistir. Gain Ratio yontemine
gore diger onemli degiskenler sirasiyla; cinsiyet, projelerin ve faaliyetlerin akademik basariya etkisi,
mezuniyet sonrasi beklenen not ortalamasi, 6grencinin haftalik ders g¢alisma saatleri, 6grencinin
aldigi burs tirl, akademik olmayan kitap ve dergi okuma sikligl, annenin egitim dizeyi, alaniylailgili
yapilan seminer ve konferanslara katilim ile 6grencinin derslere katilim’dir. Diger taraftan; One R
yontemi haricinde kullanilan diger o6zellik se¢im yontemlerinin Naive Bayes yonteminin
performasini artirdigi goérilmektedir. Ozellik secim ydntemlerinin veri madenciligi ydntemlerin
verimliligini artirmak amaciyla kullanilmasi énerilmektedir. Arastirma sonuglari, yalnizca Egitsel
Veri Madenciliginde 0zellik segiminin faydasini géstermekle kalmayip ayni zamanda Egitsel Veri
Madenciligi alanindaki metodolojileri gelistirmekle ilgilenen arastirmacilar ve egitimciler igin
degerli bilgiler sunmaktadir.

Anahtar kelimeler: Ozellik secimi, egitsel veri madenciligi, naive bayes, yiiksek 6grenim.
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GiRiS

Egitim, toplumlarinun gelismislik diizeyini gosteren en 6nemli 6gelerden biridir. Bu nedenle ilkokuldan itibaren
yuksek 6gretime kadar bulunan tiim basamaklarda 6grenim géren 6grencilerin akademik basarilarini etkileyen
faktorleri belirlemek 6nemlidir. Akademik planlamaya yardimci olmak, ¢6zimleri uygulamak ve stratejiler
gelistirmek amaciyla birgok calisma yapilmaktadir (Akgoltekin, Engin ve Sevgin, 2017). Arastirmacilar, 6grencilerin
akademik basarisinin yani sira 6grenme stilleri ve bunlarla iliskili olabilecek gesitli konulari daha iyi anlamak igin
geleneksel istatistiksel yontemlerin yetersiz kaldigi durumlarda Egitsel veri madenciligi (EDM) yontemlerini
kullanmaktadirlar (Baker, 2010; Fernandes ve ark., 2019; Sevgin ve Onen, 2022; Giire, 2023). EDM, egitim
alanindaki devasa buiyuklikteki veri yiginlarini kesfetmek igin kullanilan yontemler toplulugudur (Sachin ve Vijay,
2012). EDM, veri tabani sistemleri, veri ambari, istatistik, makine 6grenimi gibi farkli alanlari birlestiren bir
disiplindir (Anuradha ve Velmurugan, 2016). EDM ile okulu birakan 6grenci sayilarini tahmin etmek, 6grencinin
Universiteye giris sinavi sonuglari ile basarisi arasindaki iliskiyi belirlemek, 6grencinin akademik performansini
yuksek dogrulukla tahmin edecek 6grenci modellerini gelistirmek mimkindir (Ramaswami ve Bhaskaran, 2009;
Anuradha ve Velmurugan, 2016). Yontemlerin kullanimi, karar vericilerin rasyonel karar alma sireglerini
desteklemeye ve egitimin kalitesini artirmaya yardimci olacaktir. Egitim alaninda diger alanlarda oldugu gibi cok
blyik miktarlarda ve ¢ok sayida degiskenden olusan veri setleri meydana gelmektedir. Bu veri setleri iginden
ilgisiz veya gereksiz degiskenlerin cikarilmasi énemlidir (Budak, 2018). Ozellik secim ydntemleri kullanilarak,
onemli verilerde herhangi bir kayip olmadan fazla olan degisken sayilari en aza indirilir (Punlumjeak ve
Rachburee, 2015). Yontemler, bir tahmin modelinin performansini gelistirmede 6nemli rol oynayabilir. Segilen
ozellikler hem tahmin dogrulugunu arttirmada hem de egitim ortamina yonelik stratejik planlarin temelini

olusturmada etkili olabilir (Zaffar ve ark., 2020).

Bu calismada, Universite 6grencilerinin basarilarini etkileyen faktérleri belirlemek amaciyla; 6zellik se¢im
yontemlerinden Bilgi Kazanci (Information Gain-1G), Kazan¢ Orani (Gain Ratio -GR), Korelasyon Tabanli
(Correlation Based- CB), Simetrik Belirsizlik (Symmetric Uncertainty- SU), Relief-F ve One R measure kullaniimistir.
Kullanilan 6zellik se¢im yontemlerinin performansini karsilastirmak amaciyla Naive Bayes yontemi uygulanmistir.
Ayrica; minimum hata ve ylksek dogruluk orani ile tahminlemeler yapmanin yani sira 6zellik segim yéntemlerinin
performanslarini karsilastirmak amaglanmaktadir. Bu amag dogrultusunda arastirmada asagidaki sorulara yanit

aranmistir:

1. Ozellik secim ydntemlerine gére égrencilerin basarisini etkileyen faktérler nelerdir?

2. Ozellik secim ydntemlerinin tahminleme performansi farklilasmakta midir?

3. Ozellik secim ydntemlerinin kullanimi Naive Bayes yénteminin performansini etkilemekte midir?
iliskili cahsmalar

Alan yazin incelendiginde 6grenci basarisini tahminlemek amaciyla veri madenciligi yontemlerinin kullanildig

bircok calismanin oldugu gérulmektedir. Bu calismalar arasinda mevcut ¢alismada kullanilan “Higher Education
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Students Performance Evaluation” veri setini kullanan sinirli sayida ¢alisma bulunmaktadir. Hengpraprohm,
Hengpraprohm ve Sudjitjoon, (2022), K-En Yakin Komsu (K-Nearest Neighbor-KNN), Rastgele Orman (Random
Forest -RF), Yapay Sinir Aglari (Artificial Neural Network-ANN) ve Lineer Regresyon yontemlerini kullandiklari
calismalarinda IG, GR, CB ve CS ozellik secim yontemlerini uygulamiglardir. Yine, Jabardi (2022) bu amagla RF,
AdaBoost, Karar Agagclari (Decision Tree-DT), Naive Bayes (NB) ve Cok Katmanli Algilayici (Multi-Layer perceptron-
MLP) yapay sinir aglari yontemlerini kullanmistir. Diger taraftan; Phatai ve Luangrungruang (2023) ise 6grenci

basarisini siniflamak amaciyla ANN ile metaheuristic algorithms kullanmiglardir.

Alan yazin incelendiginde, 6grenci basarisini tahminlemek amaciyla 6zellik segim yéntemlerini kullanildigi baska
¢alismalar da bulunmaktadir. Géker, Bilbill ve Irmak (2013), NB, J48, Bayes Net ve Radyal Tabanh fonksiyon
(Radial Basis Function-RBF) yapay sinir aglari yontemlerini kullandiklari galismalarinda, |G, GR, SU, One R ve CS
ozellik segim yontemlerini kullanmiglardir. Yine Punlumjeak ve Rachburee (2015), NB, DT, KNN ve ANN
yontemlerine ek olarak genetik algoritmalar, Destek Vektor Makineleri (Support Vector Machine-SVM), IG,
minimum redundancy ve maximum relevance gibi 6zellik secim yontemlerini kullanmislardir. Benzer bir sekilde;
Estrera ve ark., (2017) tarafindan yapilan galismada; DT, NB ve KNN yontemleri ile birlikte CS, IG ve GR 6zellik
segim yontemlerini kullanmislardir. Zaffar ve ark. (2018) ise bu yontemlere ek olarak temel bilesenler analizi

(principal component analysis) ve Relief yontemini kullanmislardir.

Bu kapsamh literatlr incelendiginde, cesitli algoritmalar ve Ozellik segme yontemleri arasinda performans
farkliliklar oldugu agikca ortaya ¢ikmaktadir. Ornegin, Sokkhey ve Okazaki (2020) ¢alismalarinda, bu amagla KNN,
C5.0, RF ve Improved Deep Belief Networks- IDBN yéntemlerini kullanmislardir. Ozellik segim yéntemleri olarak
IG, SU, CS, Mutual information (MlI)’nin yani sira Ki-kare (Chi-square) ve Ml birlesiminden olusan yeni bir 6zellik
secim ydntemini dnermislerdir. Onerdikleri ydntemin daha iyi performans gésterdiklerini belirtmektedirler. Yine
Mythili ve Shanavas, (2014) ise J48, RF, MLP, IBI, KNN ve Decision Table yontemlerini kullandiklari ¢alismalarinda
IG ve GR ozellik se¢im yontemlerini uygulamislardir. Rahman Setiawan ve Permanasari, (2017), NB, DT ve ANN
yontemini kullandiklari ¢alismalarinda 6zellik se¢cim yontemi olarak wrapper ve IG 6zellik segim yontemlerini
kullanmiglardir. Bununla birlikte; Makhtar ve ark., (2017), 6grenci basarisini siniflamak amaciyla NB, Random
Tree, KNN, Multi class siniflandirici ve Conjunctive Rule yontemlerini kullandiklari ¢alismalarinda, 6zellik secim
yontemi olarak Best First algorithm uygulamislardir. Velmurugan ve Anuradha (2016) ise bu amacla; J48, NB,
Bayes Net, IBk, OneR, ve JRip yontemlerini kullandiklari galismalarinda; Best First Search, CB, Wrapper, CfsSubset,
CS, IG ve Relief yontemlerini kullanmislardir. Buna ek olarak; Ramaswami ve Rathinasabapathy (2012),
ogrencilerin basarisini tahminlemek amaciyla mevcut calismada kullanilan 6zellik se¢cim yontemleri arasindan
One R yontemi harig¢ diger yontemleri kullanmislardir. Yahdin ve ark., (2021), Relief 6zellik segim yonteminin
performansini 6lgmek amaciyla NB ve KNN ydntemlerini kullanmiglardir. Anuradha ve Velmurugan (2016)

calismalarinda CS ve GR 6zellik secim yéntemlerinin NB yontemini kullanarak etkisini belirlemeye ¢alismislardir.
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YONTEM

Arastirmanin Modeli
Bu arastirma iligskisel desen kullanilarak gergeklestirilmistir. Korelasyonel desen, birden fazla degisken arasindaki
iliskiyi inceler (Karasar, 2006; Gire, Kayri ve Erdogan, 2020). Bu yaklasimin kullanilmasi, mevcut calismada

ilgilenilen degiskenler arasindaki karmasik baglantilari degerlendirmek icin etkili bir cergeve saglamaktadir.

Kullanilan veri kiimesi

Mevcut ¢alismada, UCI veri tabaninda bulunan "Yiiksekdgretim Ogrencileri Performans Degerlendirme veri seti"
kullanilmaktadir (Yilmaz ve Sekeroglu, 2019). Veri dosyasi
https://archive.ics.uci.edu/dataset/856/higher+education+students+performance+evaluation adresinden elde
edilmistir. Veri seti, Egitim ve Miihendislik fakiltelerinde kayith 145 (87 erkek (%60) ve 58 kiz (%40)) 6grenciden
toplanan bilgilerden olusmaktadir. Bu bilgiler, ailesel, kisisel bilgiler ve ¢alisma aliskanlklariyla ilgili degiskenleri

icermektedir. Veri seti, 33 degisken icermesine ragmen bu ¢alismada degiskenlerden yalnizca 30'u kullanilmistir.

Veri Analizi

Bu calismada veri analizlerini gerceklestirmek icin Weka veri madenciligi programi kullanilmistir. Weka, Waikato
Universitesi'nde gelistirilen, makine 6grenimi algoritmalari ve veri 6n isleme araglarindan olusan bir koleksiyon
iceren Ucretsiz, agik kaynakli bir platformdur (Hall ve digerleri, 2009). Bu arastirma icin Weka, istatistiksel analiz
ve makine 6grenimi tekniklerine yonelik araglari araciligiyla veri kiimesi icindeki iliskilerin saglam bir sekilde

incelenmesini saglamaktadir.

Ozellik Se¢im Yéntemleri

Ozellik segme yéntemleri veri madenciligi alaninda zellikle yiiksek boyutlu veri setlerinde &nemli bir konu olarak
goriilmektedir. Bu yéntemler makine dgreniminde yaygin olarak kullaniimaktadir. Ozellik segme yéntemleri,
ilgisiz ve gereksiz 6zellikleri silerek 6zellik kiimesinden alt kiimeleri secer. Ozellik, 6znitelik veya degisken olarak
adlandiriimaktadir. Ozel secim, orijinal veri setini temsil etme 6zelligine sahip ve en iyi alternatif secim olarak
kullanilabilir (Budak, 2018). Ozel secim veri énisleme teknigidir (Phyu ve Oo, 2016). Béylece daha az 6zellik elde
edilerek sonuglarin arastiriimasi kolaylasir. Yontemler farkli alanlarda yaygin olarak kullanilmaktadir (Guan vd.,
2014). Son yillarda 6zellik secim yontemleri topluluk 6grenmesi ile entegre edilerek, topluluk 6grenme tabanh
oznitelik segimi yaklasimi 6nerilmis ve cahisilmistir. Genel fikir, cok ¢esitli 6zellik segicileri olusturmak ve bunlarin
ciktilarini birlestirmektir. Ozellik secim ydntemleri, boyut indirgeme amaciyla kullanilan tekniklerden biridir
(Remeseiro ve Bolon-Canedo, 2019). Yontemler, iliskili olmayan ve gereksiz olan o6zellikleri silerek 6zellik
kiimesinden alt kimeler se¢mektedir. Boylelikle; daha az 0zellik elde edilerek sonuglarin arastiriimasi

kolaylagsmaktadir (Guan ve ark.,2014).

Ozellik secim ydntemleri, giriiltiili ve iliskisiz verileri silme, dzellik kiimesinin boyutunu disiirme, algoritmanin

hizini arttirma, verilerin kalitesini arttirma, elde edilen modelin performansini arttirma, 6zellik setini azaltma,
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tahminleme dogrulugunu arttirma gibi 6zelliklere sahiptir (Ladha ve Deepa, 2011). Bu 6zelliklerinden dolayi, son
yillarda 6zellik segimiyle ilgili gesitli yontemler gelistirilmistir (Solorio-Fernandez, Carrasco-Ochoa ve Martinez-
Trinidad, 2020). Yontemler farkli alanlarda siniflama, kiimeleme ve regresyon amach olarak kullanilmaktadir

(Jovi¢, Brki¢ ve Bogunovic, 2015).

Ozellik segim ydntemlerini; denetimli, yari denetimli ve denetimsiz yéntemler olarak siniflamak mimkiindir.
Denetimli yontemler, ilgili 6zellikleri belirlemek ve segmek igin bir dizi etiketli veri veya denetimli veri kimesine
ihtiyac duymaktadir. Veri kiimesindeki her nesneye atanan bu etiket, bir kategori, siral bir deger veya gercek bir
deger olabilir. Yari denetimli yontemlerde, yalnizca bazi nesnelerin etiketlenmesine ihtiya¢ duyulmakta,
denetimsiz yontemlerde ise denetimli veri setine ihtiya¢ duyulmamaktadir (Solorio-Fernandez, Carrasco-Ochoa

ve Martinez-Trinidad, 2020).

Literatirde farkh 6zellik segim yontemleri gelistirilmistir. Calismada siralama yontemlerinden Bilgi Kazanci,
Kazang orani ve Simetrik Belirsizlik Katsayisi, Relief-F, Korelayona Dayali Ozellik Se¢cim Y&ntemi ve One R 8l¢iisii

ele alinmistir.

Bilgi Kazanci Ozellik Segim Yéntemi

Bilgi Kuraminda 6rneklerin homojenligi hakkinda bilgi veren entropi 6lciisii yaygin olarak kullaniimaktadir (Abe
ve Kudo, 2005). Entropi o6lglsl 0 ila 1 arasinda degisen bir 6lgl olup, entropinin sifir (0) olmasi, érneklerin
homojen, entropinin bir (1) olmasi érneklerin homojen olmadigi anlamina gelmektedir (Sastry ve ark., 2010). Bilgi
Kazanci, Makine 6grenmesinde yaygin olarak kullanilan entropiye dayali 6zellik secim yéntemlerindendir. Yontem
bagimh sinifla ilgili en ¢ok bilgi veren ozellikleri belirleyebilme 6zelligine sahiptir (Win ve Kham, 2019). Bilgi
Kazanci, Y ozelligindeki entropi miktarinin azalmasini temsil eden X 6zelliginin kullaniimasiyla elde edilen Y
ozelligindeki ek bilgiyi yansitan bir 6lgidir. Simetrik olan olgctide, X gézlemlendikten sonra Y ile ilgili kazanilmis
bilgi ile Y gozlemlendikten sonra X ile ilgili kazanilmis bilgi birbirine esittir (Novakovié, Strbac ve Bulatovi¢, 2011;

Budak, 2018).

Yontem, siniflandiricilardan bagimsiz olmasindan dolayi birgok siniflandirici ile uygulanabilme 6zelligine sahiptir
(Win ve Kham, 2019). Bilgi Kazanci, daha az bilgi ile daha yiksek sayisal 6zelliklere sahip 6zelliklerin segimine

yonelik yanh davranmaktadir. Bu da yontemin zayifligi olarak gorilmektedir (Tripathi ve Trivedi, 2016; Budak,

2018).

H(Y) =—-2yerr(log, (p(¥)) (1)
HY\X) = = 2xex 0(%) Xyey pP(¥\X)l0g, (p(¥\x)) (2)
Bilgi Kazanci = H(Y) — H(X\Y) (3)

Burada; H(X) X’in entropisi iken H(X\Y) ise Y gozlendikten sonraki X'in entropisini gbstermektedir (Win ve Kham,

2019).
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Kazang Orani Ozellik Segcim Yéntemi

Kazang Orani, Bilgi Kazancindaki yanhhgin Gstesinden gelmek igin gelistirilen simetrik olmayan bir ol¢udur
(Novakovi¢, Strbac ve Bulatovi¢, 2011; Tripathi ve Trivedi, 2016; Janabi ve Kadhim, 2018).

Kazang Orant = Bilgi Kazanci (4)
H(X)
Kazang Orani, siniflandirici karmagikligi ve dogruluk 6zelliginden dolayi, basit Bilgi Kazanci 6lglitlerinden daha iyi

performans gésterme egilimindedir (Quinlan, 1988; Rokach ve Maimon, 2005).
Simetrik Belirsizlik Katsayisi Ozellik Secim Yéntemi

Simetrik Belirsizlik Katsayisi, Bilgi Kazanci’nindaki dogal yanlilhigin lstesinden gelmek amaciyla gelistirilen 6lgu
olup, Entropiye benzer olarak 0 ila 1 arasinda deger almaktadir. Katsayinin 1 olmasi X bilgisinin tamamen Y
bilgisini tahmin edebildigini, 0 olmasi Y ile X arasinda higbir iliski olmadigini géstermektedir (Hall, 1999; Budak,
2018; Janabi ve Kadhim, 2018).

Simetrik Belirsizlik Katsayisi, degerini [0,1] arali§ina normalize ederek daha fazla degere sahip 6zelliklere yonelik
bilgi kazancinin 6nyargisinin Ustesinden gelir. Asagidaki denklem ile verilir:

Bilgi Kazanct
Kazancy (5)

Simetrik Belirsizlik Katsayist = 2
H(X)+H(Y)

Relief-F Ozellik Segcim Yéntemi

Uzakliga dayali bir 6l¢li olarak gelistirilmis olan Relief yéntemi, iki sinifli problemlerde 6zellik se¢im yontemi olarak
kullanilmaktadir (Win ve Khan, 2019). Relief 6lglis, ayni ve farkli siniflarda yer alan en yakin 6rneklere ait verilen
ozelligin degerini dikkate alarak ve bir 6rnegi yinelemeli 6rneklemler ile elde ederek degerlendirme yapmaktadir.
Yontem, siniflar arasinda ayirim yapabilme yetenegine bagli olarak, hedef sinif ile iliskili her bir 6zellige bir agirlik
atamaktadir. Yontem, oOzelliklerin en kiiclik alt kiimesini bulmasa da istatistiksel olarak iliskili olan ozellikleri
se¢mektedir Daha sonra, 6zellikler siralanarak kullanici tarafindan tanimlanan esik degeri veren agirliklara ulasan
ozellikleri segmektedir (Kira ve Rendell, 1992; Novakovié, Strbac ve Bulatovi¢, 2011; Budak, 2018). Relief
algoritmalari yaygin olarak model 6grenilmeden 6nce bir 6n hazirlik asamasinda uygulanan 6znitelik alt kiime

secim yontemleri olarak gorilmektedir (Kira ve Rendell, 1992).

Heuristic yontemlerde, 6zelliklerin kalitesini tahmin etmek igin 6zelliklerin bagimsizhigi kosulu sarti aranmaktadir.
Yontemler, 6zellik etkilesimini konu alan problemlerde ¢ok uygun olmamaktadir. Bu yontemlerden farkli olarak,
Relief yonteminde herhangi bir varsayim bulunmamaktadir. Yontem, 6zellikler arasinda gtiglii baghliklarin oldugu

problemlerde, o6zelliklerin kalitesini dogru bir sekilde tahmin edebilmektedir (Marko ve Igor, 2003).
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Korelayona Dayali Ozellik Se¢im Yéntemi

Korelayona Dayali Ozellik Secim Yéntemi, dzellik alt kiimelerini korelasyona dayali olarak siralayan basit heuristik
ozellik alt seti segme yontemlerindendir (Hall, 1999). Yontem, tim o&zellikler arasindaki korelasyonu
hesaplamaktadir. Sinif degiskenleri ile yliksek korelasyona sahip ancak; birbirleriyle disiik korelasyona sahip
Ozelliklere sahip alt kiimeyi se¢mektedir. Yontem, nominal ya da kategorik 6zellikler arasindaki korelasyonu
olgmektedir (Janabi ve Kadhim, 2018).

MS _ ki‘ci

= Tk )

One R 6zellik se¢cim yéntemi

Holte tarafindan onerilen, hata oranlarina gore 6zellikleri segen basit bir yontemdir. Egitim verisinde her bir
ozellik igin bir kural olusturmaktadir. Ardindan en kiguk hataya sahip 6zelligi segmektedir (Novakovi¢, Strbac ve
Bulatovi¢, 2011). Sayisal degerli tiim 6zellikleri stirekli olarak ele alir ve deger araligini birkag ayrik araliga bélmek
icin basit bir yontem kullanmaktadir. Eksik degerleri, gecerli bir deger olarak ele alarak kayip verileri islemektedir
(Janabi ve Kadhim, 2018). Bu yontem, bir¢ok 6zellige ve farkh siniflara sahip bir dizi 6érnekle galismaktadir.
Yinelemeli olarak en iyi tek bir 6zelligi secer ve kurallari yalnizca o 6zellige dayandirmaktadir (Tripathi ve Trivedi,

2016).

Naive Bayes

Naive Bayes yontemi, siniflandirma amaciyla Bayes teoremini kullanmaktadir. Yontem, dogru makine 6grenimi
modellerinin hizla olusturulmasini saglayan basit, hizli ve etkili olasilik tabanl bir siniflandirma yaklasimidir (Rish,
2001; Jabardi, 2022; Wickramasinghe ve Kalutarage, 2021). NB yonteminin hesaplama, dusik varyans, artimli
o0grenme, sonsal olasiliklarin dogrudan tahmini, gtraltilu verilere ve kayip verilere karsi dayaniklilik 6zellikleri
bulunmaktadir (Sammut ve Webb, 2017). NB, karmasik yinelemeli parametre tahminlerine gerek
duymamaktadir. Bu nedenle yapilanmasi ve yorumlanmasi kolaydir (Wu ve ark., 2008). Ozellikle biyik veri
kiimelerinde iyi performans gosterdigi belirtilmektedir (Nikam, 2015; Jabardi, 2022). NB yéntemi, her bir iligki
icin kosullu bir olasilik elde etmektedir. Elde edilen olasilik ile bagimsiz degisken ile bagimli degisken arasindaki

iliskiyi analiz etmektedir (Muda ve ark., 2011).

NB, Bayes kuralina dayal bir siniflandiricidir.

P(y\x) = (P(y)P(x\y))/P(x) (7)
niteliklerin sinifa gére kosullu olarak bagimsiz oldugu varsayarak Nitelik degeri verileri icin bu varsayim sunlari
saglar:

P(x\y) = [Tiz, P(x:\y) (8)

x;, X'teki i.ninci 6zelligin degerini, n ise 6zellik sayisni gostermektedir.

P(x) = TI<;, P(c)P(x\cy) (9)
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c;, i.ninci sinifi, k ise sinif sayisini géstermektedir. Esitligin sag tarafinda yer alan bolim normallestirilirse (7)
numarali esitlik elde edilir (Webb, Keog ve Miikkulainen, 2010).

BULGULAR

Degerlendirme Olgiitleri

Arastirmada performans kriteri olarak dogruluk, kesinlik, duyarhlik ve F1 skor 6lgitleri kullanilmistir. Performans

kriterlerine iliskin denklemler asagida verilmistir:

Tablo 1. Karisiklik Matrisi
Tahmin edilen sinif

Hayir Evet Toplam
Hayir TN FP TN+FP
Gergek sinif Evet FN TP EN+TP
Toplam TN+FN FP+TP TN+FN+FP+TP
o TP+TN
Dogruluk = — 2 (10)
TP+TN+FP+FN
.. TP
Kesinlik = —— (11)
TP+FP
TP
Duyarllik = —— (12)
Kesinlik x D Ltk
F1 skor = 2x (Kesinlik x Duyarlilik) (13)

(Kesinlik+ Duyarlilik)

Ozellik segme ydntemleri kullanilarak elde edilen en 6nemli 10 degisken Tablo 2'de verilmistir.

Tablo 2. Naive Bayes yontemi kullanilarak 6zellik se¢im yontemlerinin performansi

IG GR SuU Relief F Correlation One R
based
Son yariyildaki Son yariyildaki Son yariyildaki Son yariyildaki Cinsiyet Son yariyildaki
genel not genel not genel not genel not genel not
ortalamasi ortalamasi ortalamasi ortalamasi ortalamasi
Mezuniyette Cinsiyet Cinsiyet Burs tiru Son yariyildaki Mezuniyette
beklenen genel genel not beklenen genel
not ortalamasi ortalamasi not ortalamasi
Haftalik galisma Proje/faaliyetleri Mezuniyette Cinsiyet Bolimle ilgili Kardes sayisi
saatleri n basariniza etkisi beklenen genel seminer/konfera
not ortalamasi nslara katihm
Anne egitim Mezuniyette Haftalik calisma Yas Derslere katilim Haftalik calisma
dizeyi beklenen genel saatleri saatleri
not ortalamasi
Cinsiyet Haftalik calisma Proje/faaliyetleri Anne egitim Gelir Dersi dinleme
saatleri n basariniza etkisi diizeyi
Burs tiru Burs tiiri Anne egitim Konaklama bigimi  Proje/faaliyetleri Dizenli sanatsal
dizeyi n basariniza veya sportif
etkisi aktivite yapma
Baba meslegi Okuma sikhgi Burs tiri Haftalik calisma Anne egitim Mezun olunan
(bilimsel olmayan saatleri dizeyi lise tlru

kitaplar/dergiler)
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Okuma sikhigi Anne egitim Okuma sikhgi Mezun olunan Ogretmenin Universiteye
(bilimsel olmayan dizeyi (bilimsel olmayan lise tlri derste teknolojik Ulasim
kitaplar/dergiler) kitaplar/dergiler) alet kullanmasi
Proje/faaliyetleri Boltimle ilgili Anne meslegi Okuma sikhgi Burs tiru Okuma sikligi
n basariniza etkisi  seminer/konfera (bilimsel olmayan (bilimsel

nslara katihm kitaplar/dergiler) kitaplar/dergiler)
Baba egitim Derslere katilim Gelir Ogretmenin Mezuniyette Bolumle ilgili
dizeyi derste teknolojik beklenen genel seminer/konfera
alet kullanmasi not ortalamasi nslara katihm

Ardindan segilen 6zellikler kullanilarak Weka programinda Naive Bayes yontemiyle analizler gergeklestirilmistir.

Analiz sonuglari asagida gosterilmistir.

Tablo 3. Naive Bayes Yontemi Kullanilarak Ozellik Segim Yéntemlerinin Performansi

Yontem Ozellik segim yontemleri Dogruluk Kesinlik Duyarlihk F1- skor
Tam o6zellikler 49.65 0.48 0.49 0.48
IG 56.55 0.561 0.566 0.562
GR 60.00 0.595 0.600 0.597
Naive Bayes SU 56.55 0.552 0.566 0.554
Relief-F 58.62 0.586 0.586 0.580
CB 56.55 0.548 0.566 0.553
One R 49.65 0.442 0.497 0.465

Tablo 3’ten anlasildigi Gizere Naive Bayes yontemi ile 6grenci basarisini etkileyen faktorleri belirleyen en iyi 6zellik
se¢im yontemleri olarak GR yontemi belirlenmistir. One R yontemi harig diger tiim yéntemlerin NB yonteminin

performansini artirdigi séylenebilir.

Dogruluk
70

60
5
4
3
2
1

0

GR SU

Tim IG Relief-F cC OneR
ozellikler

o

o

o

o

o

Sekil 1. Ozellik secim ydntemlerinin dogruluk oranina gére dagilhmi

Sekil 1 incelendiginde dogruluk agisindan GR ydnteminin daha iyi performans gosterdigi goriilmektedir. One R
yontemi, tiim 6zelliklerin kullanildigi analiz sonuglarina benzer dogruluk oranina sahiptir. Diger yontemlerin Naive

Bayes yonteminin siniflama performansini artirdigi gérilmektedir.
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Kesinlik

70

60

5
4
3
2
1
0

Tum Relief-F OneR
ozellikler

o

o

o

o

o

Sekil 2. Ozellik secim ydntemlerinin kesinlik oranina gére dagilimi

Sekil 2 incelendiginde kesinlik bakimindan GR yénteminin en yliksek One R yonteminin ise en disiik orana sahip

oldugu gorilmektedir.

Duyarlihk
70

60

0 I I | | | I I

Tum Relief-F OneR
ozellikler

5

o

4

o

3

o

2

o

1

o

Sekil 3. Ozellik secim ydntemlerinin duyarhlik oranina gére dagilimi

Sekil 3 incelendiginde duyarlilik agisindan GR yonteminin daha yiksek orana sahip oldugu gorilmektedir.
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F1 skor

GR SuU

Relief-F cC OneR

70

60

0 I |

Tdm IG
ozellikler

5

o

4

o

3

o

2

o

1

o

Sekil 4. Ozellik secim yontemlerinin F1 skor dlciisiine gére dagilimi

Sekil 4 incelendiginde F1 skor dlgusi agisindan GR yonteminin en yiiksek, One R yonteminin ise en disik orana

sahip oldugu gorilmektedir.

TARTISMA ve SONUC

Bu calismada; 6zellik segim yontemlerinden 1G, GR, SU, CB, Relief-F, ve One R measure kullanilarak, Gniversite
dgrencilerinin basarilarini etkileyen faktorleri belirlemek amaglanmaktadir. Ozellik secim yéntemlerinin etkisini
karsilastirmak amaciyla, NB ydntemi uygulanmistir. NB ydntemi ile 6grenci basarisini etkileyen faktorleri
belirleyen en iyi 6zellik secim yontemi %60 dogruluk orani ile GR olarak belirlenmistir. Analiz sonuglarina gére;
CB method harig diger tim yontemlerde 6grenci basarisini etkileyen en énemli faktériin 6grencinin son yariyil
genel not ortalamasi oldugu gorilmektedir. En 6nemli degiskenden sonra gelen diger dnemli degisken, Relief-F
ozellik secim yontemine gore 6grencinin aldigl burs tirtdir. IG yontemine gore ise sirasiyla; mezuniyette
beklenen not ortalamasi, haftalik ders calisma saati, anne egitim diizeyi, cinsiyet, 6grencinin aldig1 burs tiir(, baba

meslegi ve bilimsel olmayan kitap okuma sikligi degiskenleridir.

Calismamiza benzer olarak; Hengpraprohm, Hengpraprohm ve Sudjitjoon, (2022), KNN, RF, ANN ve Linear
Regression yontemlerini kullandiklari ¢alismalarinda IG, GR, CB, CS o6zellik se¢im yontemlerini uyguladiklari
¢alismalarinda IG ve GR yontemlerini en basarili ydontemler olarak belirlemislerdir. GR yontemi kullanildiginda
KNN yénteminin accuracy %48.53 ve RF yoénteminde %76.07 olarak; IG yontem kullandildiginda ise ANN %40.0
ve Lineer regression %54.37 olarak belirlenmistir. Ayrica; s6z konusu ¢alismada; 6grencinin son yariyildaki genel
not ortalamasi, akademik basari beklenti puani, bilimsel olmayan kitap okuma sikligi ve bosanmis ya da 6Imiis
ebeveyn sahipligi dnemli degiskenler olarak belirlenmistir. Yine, Jabardi (2022) bu amagla RF, AdaBoost, DT, NB
ve MLP yontemlerini kullandiklari galismalarinda; accuracy sirasiyla; %78.62, %84.82, %74.48, %66.20 ve %73.10
olarak bulmuslardir. Adaboost yonteminin diger yontemlere nazaran daha basarili performans gosterdigini

belirtmislerdir.
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Punlumjeak ve Rachburee (2015), NB, DT, KNN ve ANN yontemlerine ek olarak 6zellik se¢im yontemleri olarak
genetik algoritmalar, SVM, 1G, minimum redundancy ve maximum relevance gibi 6zellik se¢im yontemlerini
kullanmuglardir. Calismada, en iyi performansi minimum redundancy and maximum relevance feature selection
method kullanildigi KNN yontemi ile elde edilmistir. NB yonteminin dogru siniflama oranina bakildiginda en
yuksek performans %83.87 ile SVM ozellik segimi yapildigi durumda gergeklesmistir. Bununla birlikte; Goker,
Bilbul ve Irmak (2013) ise NB, J48, Bayes Net ve RBF yontemlerini kullandiklari galismalarinda, 1G, GR, SU, One R
ve CS oOzellik se¢cim yontemlerini kullanmiglardir. En iyi 6zellik se¢im yonteminin %83,87 ortalama ile SU
yontemine ait oldugunu belirlemislerdir. Ayrica; Rahman Setiawan ve Permanasari, (2017), NB, DT ve ANN
yontemini kullandiklari galismalarinda 6zellik se¢cim yontemi olarak Wrapper ve IG yontemlerini kullanmislardir.
Calismada, Wrapper ozellik se¢im yontemi kullanilarak NB yonteminin dogru siniflama orani %75,41 olarak
belirlenmstir. Ozellik secim yéntemlerinin kullaniminin NB y&nteminin performansini artirdigi belirtiimektedir.
Buna ek olarak; Velmurugan ve Anuradha (2016) bu amagla; J48, NB, Bayes Net, IBk, OneR, ve JRip yontemlerini
kullandiklari calismalarinda; Best First Search, Wrapper, CfsSubset, CS, IG ve Relief yontemlerini kullanmislardir.
Calismada en iyi sonug¢ CfsSubset 6zellik se¢im yontemiyle elde edilmistir. Naive bayes yonteminin siniflama
performansinin bu 6zellik se¢cim yéntemine gére % 98.56 oldugu belirlenmistir. Diger taraftan; Anuradha ve
Velmurugan (2016) calismalarinda CB ve GR 06zellik se¢cim yontemlerinin etkisini NB yontemini kullanarak
belirlemeye calismislardir. CB yénteminin GR’ye gore daha basarili performans gosterdigi belirtilmektedir.
Calismada NB ydntemine ait dogru siniflama orani %84 olarak belirlenmistir. Ozellik secim y&ntemlerinin
siniflama performansini artirdigi belirtilmektedir. Yine, Makhtar ve ark., (2017), Priyasadie ve Isa (2021 ve Yahdin

ve ark. (2021) tarafindan yapilan calismalarda da benzer sonuglar elde edilmistir.

Ramaswami ve Rathinasabapathy (2012), 6grencilerin basarisini tahminlemek amaciyla mevcut ¢alismada
kullanilan &zellik segim yéntemleri arasindan One R yéntemi harig diger yéntemleri kullanmislardir. Ozellik segim
yontemlerinin tahminleme performansini artirmasinin yani sira yontemlerin calisma sirelerini azalttigini

belirtmektedirler.

Analiz sonuglarina gore, kullanilan 6zellik segim ydntemlerinin NB yonteminin siniflama performansini artirdigl

goriilmektedir. Alan yazinda bu amagla yapilan arastirmalarin sonuglari da calismamizi destekler niteliktedir.

ONERILER

Gelecekteki calismalarda; Ozellik secim y®&ntemlerinin, veri madenciligi yontemlerinin verimliligini artirmak
amaciyla kullanilmasi 6nerilmektedir. Diger taraftan; farkli veri madenciligi yontemleri kullanilarak yontemlerin
performanslari degerlendirilebilir. Ayrica; farkli veri setleri tizerinde yeni ¢alismalar yapilabilir. Calismada 6zellik
secim yontemlerinin degerlendirilmesinde Weka program kullaniimistir. Farkli yazilimlar ile galismalarin

yapilmasi 6nerilmektedir.
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Etik Metni

“Bu makalede dergi yazim kurallarina, yayin ilkelerine, arastirma ve yayin etigi kurallarina, dergi etik kurallarina
uyulmustur. Makale ile ilgili dogabilecek her tirli ihlallerde sorumluluk yazar(lar)a aittir. Mevcut ¢alismada
kullanilan veri seti, acik erisimli UCI veri tabanindan elde edilmistir. Bu nedenle etik kurul onayi alinmasini

gerektiren bir calisma degildir.”
Yazar(lar)in Katki Orani Beyani: Bu ¢alismada ilk yazarin katki orani %100'dr.
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