
 
 

 

 

 

Eğitsel Veri Madenciliği: Adayların Beden Eğitimi ve Spor Eğitimi Programına Yerleşme 

Durumlarının Tahmini 
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Anahtar Sözcükler  Öz 

Eğitsel veri 
madenciliği 

 Eğitsel veri madenciliğinin temel amacı, eğitimle ilgili konularda karar vermeyi desteklemek için 
eğitim verilerinden faydalı bilgiler çıkarmaktır. Eğitsel veri madenciliğinde en çok tercih edilen 
yöntemlerden biri de tahmindir. Mevcut çalışmanın birincil amacı, adayların Beden Eğitimi ve 
Spor Eğitimi programına kabul edilip edilmeyeceklerini farklı algoritmalar kullanarak tahmin 
etmektir. Bu araştırma kapsamında 2016-2020 yılları arasında Türkiye'de bir devlet üniversitesinin 
Beden Eğitimi ve Spor Eğitimi programına katılmak için başvuran 1.671 adaydan elde edilen 

verilerle çalışılmıştır. Random Forest, kNN, SVM, Logistic Regression ve Naïve Bayes 
algoritmalarının her biri, bir adayın ilgili programına kabul edilip edilmeyeceğini tahmin etmek 
için kullanılmıştır. Elde edilen bulgulara göre algoritmaların sınıflandırma doğruluğu en yüksekten 
en düşüğe doğru sırasıyla; Random Forest (.985), SVM (.845), kNN (.818), Naïve Bayes (.815) ve 
Logistic Regression (.701) şeklindedir. Başka bir deyişle, Random Forest algoritmasının, örnekleri 
neredeyse tam olarak doğru bir şekilde sınıflandırdığı bulunmuştur. Bu bağlamda, çalışmadan elde 
edilen diğer bulgular ayrıntılı olarak tartışılmış ve gelecek araştırmalar için önerilerde 
bulunulmuştur. 
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 Educational data mining’s primary purpose being to extract useful information from educational 
data in order to support decision-making on educational issues. One of the most preferred methods 
in educational data mining is prediction. The primary purpose of the current study is to predict 
whether or not candidates will be admitted into the PESE program according to different 
algorithms. Within the scope of this research, data was obtained from 1,671 candidates who applied 
to join the PESE program of a state university in Turkey between 2016 and 2020 were studied. The 
Random Forest, kNN, SVM, Logistic Regression, and Naïve Bayes algorithms were each used to 
predict whether or not a candidate could admit to the PESE program. According to the findings, 

the algorithms’ classification accuracy from highest to lowest is Random Forest (.985), SVM 
(.845), kNN (.818), Naïve Bayes (.815), and Logistic Regression (.701), respectively. In other 
words, the Random Forest algorithm is shown to have correctly classified the instances almost 
exactly. Other findings from the study are discussed in detail, and suggestions put forth for future 
research. 
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Introduction 

In line with the latest developments in technology, there is a continuous increase in the speed of data production 

as well as the volume of data generated on a daily basis. Meaningful information, patterns, and trends can be 

revealed from careful analysis of this data, which is then increasingly being used in many different areas of daily 

life (e.g., Agrawal & Prabakaran, 2020; Hallikainen et al., 2020; Line et al., 2020), and is referred to as big data 

(De Mauro et al., 2015). It may be said that one area considerably involved is education, as this data allows 

students, teachers, administrators, and other stakeholders to undertake new research and to explore new avenues 

previously unknown. Since each stakeholder group has its own mission and goals, educational information often 

needs to be analyzed from various perspectives (Hanna, 2004).  

As an emerging discipline, educational data mining (EDM) was defined by Romero and Ventura (2010, p. 601) as 

a means to “exploits statistical, machine-learning, and data-mining algorithms over the different types of 

educational data” with its primary purpose being to extract useful information obtained from educational data in 

order to reinforce decision-making in educational studies (Calvet Liñán & Juan Pérez, 2015). There are various 

methods employed in the field of EDM to achieve this, and which have been classified in different ways by 

different researchers (Baker, 2011; Baker & Yacef, 2009; Bakhshinategh et al., 2018; Romero & Ventura, 2013). 

For instance, in a study by Bakhshinategh et al. (2018, p. 540), the most commonly used methods were specified 

as “classification and regression, clustering, association rule mining, discovery with models, outlier detection, 

social network analysis, text mining, sequential pattern mining, and visualization technique”. For this reason, it 

should be considered that each method used for EDM has potentially different features that should be taken into 

consideration in its usage. 

One of the most preferred methods in EDM is prediction (e.g., Aouifi et al., 2021; Sokkhey & Okazaki, 2020; Saa, 

2016). Baker (2011), with research aimed at developing a model that can infer a single aspect of any data from a 

combination of various other aspects of the data using prediction methods such as classification (e.g., Karthikeyan 

et al., 2020; Kılıç Depren et al., 2017), regression (e.g., Karlos et al., 2020; Yulia, 2020), or density estimation 

(e.g., Gerber, 2014; Hernandez-Suarez et al., 2019). One of the important goals of today’s educational systems is 

to maximize academic results, and to improve the quality of the educational experience by minimizing the failure 

rates of students. In this context, by employing prediction methods, learners’ academic performance (Waheed et 

al., 2020) and their pass/fail status for a particular course (Abut et al., 2018) can be predicted, and early warning 

systems developed to qualify at-risk students (Akçapınar et al., 2019). These same methods can also be used to 

make early predictions about dropouts (Márquez-Vera et al., 2016).  

Furthermore, by evaluating candidates according to different criteria, it may be predicted in advance whether or 

not students will be admitted to schools or other educational programs, or be accepted for employment, etc. (e.g., 

Acikkar & Akay, 2009). For instance, students can be admitted to certain higher education programs in Turkey 

based on special talent exams (STEs) organized directly by the higher education institutions themselves. As an 

example, numerous criteria (see Table 3) are taken into account in determining whether or not students may be 

enrolled to the Physical Education and Sports Education (PESE) program. The primary aim of the current research 

is to predict whether or not candidates will be admitted into the PESE program according to different algorithms. 

Thus, candidates who are or are considering applying to the PESE, or similar programs that accept students by 
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way of a STE, may be shown predictions of what they may encounter according to different scores and criteria 

used at the admission stage.  

Moreover, a website could be developed where the candidates could enter their actual or anticipated scores based 

on the criteria used in the evaluation, and which could then be used to predict whether or not they would likely be 

admitted to the relevant program. Thus, by using the quota of the relevant program according to gender as a 

variable, candidates can gain a better idea about their likely admittance according to different scores and different 

criteria.  

Methodology 

In Turkey, students can be admitted to higher education institutions either by central placement or by STEs 

organized directly by higher education institutions themselves, taking into account the students’ scores obtained 

from centralized national university entrance examinations conducted by the Measuring, Selection and Placement 

Center [Ölçme, Seçme ve Yerleştirme Merkezi (ÖSYM)]. The ÖSYM is a public institution that provides 

examination services to more than 10 million higher education candidates nationally each year in Turkey, and has 

both administrative and financial autonomy to conduct the processes of measuring, selection, and placement to 

international standards. 

In order for students to be eligible to enroll to a higher education institution, they must first take the Higher 

Education Institutions Exam (HEIE), which is a centralized assessment that is administered once annually by the 

ÖSYM. The HEIE, in which thousands of candidates participate every year, is conducted in three different 

sessions/parts: Basic Proficiency Test (BPT), Field Proficiency Test (FPT), and Foreign Language Test (FLT). For 

example, according to 2020 data; 2.296.138 out of 2.424.718 candidates who applied to BPT, 1.672.376 out of 

1.788.590 candidates who applied to FPT, and 105.579 out of 128.177 candidates who applied to FLT took the 

exam (ÖSYM, 2021). 

Some departments in Turkey’s higher education institutions accept students through a STE (e.g., coaching, sports 

management, physical education and sports education, etc.), and also in some academic units (e.g., conservatories, 

fine arts, schools of physical education, and sports, etc.). One example of this is the Physical Education and Sports 

Education (PESE) program, which is offered by some Sports Sciences Faculties or Physical Education and Sports 

Schools. Students who graduate from the PESE program can then apply to work as physical education teachers in 

either public or private schools in Turkey, and may also coach students at summer/winter sports camps during 

their spare time. 

In this study, data was obtained from candidates who applied to join a PESE program, which is an example of 

programs in which students may be accepted through a STE at state universities in Turkey. In order for candidates 

to apply to the PESE program, they must first achieve a minimum of 180 points from the BPT or be in the top 

800.000 candidates that year. Furthermore, candidates must then successfully complete the nine-stage STE (see 

Figure 1) as prepared by an authorized board of the relevant institution in order to determine their physical 

proficiency through activities of various sports branches. The scores of the candidates from the STE are determined 

according to the time taken to successfully complete the parkour (see Table 1). 
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Figure 1. Special Talent Exam Parkour 

 
Table 1. STE Scoring Table 

Male Female 

Time (seconds) Points Time (seconds) Points 

…-44.00 100 …-50.50 100 

44.015-44.515 95 50.515-51.015 95 

44.525-45.025 90 51.025-51.525 90 

45.035-45.535 85 51.535-52.035 85 

45.545-46.045 80 52.045-52.545 80 

46.055-46.555 75 52.555-53.055 75 

46.565-47.065 70 53.065-53.565 70 

47.075-47.575 65 53.575-54.075 65 

47.585-48.085 60 54.085-54.585 60 

48.095-48.595 55 54.595-55.095 55 

48.605-49.105 50 55.105-55.605 50 

49.115-49.615 45 55.615-56.115 45 

49.625-50.125 40 56.125-56.625 40 

50.135-50.635 35 56.635-57.135 35 

50.645-51.145 30 57.145-57.645 30 

51.155-51.655 25 57.655-58.155 25 

51.665-52.165 20 58.165-58.665 20 
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52.175-52.675 15 58.675-59.175 15 

52.685-53.185 10 59.185-59.685 10 

53.195-53.695 5 59.695-60.195 5 

53.70-… 0 60.20-… 0 

 
The scope of the STEs, their evaluation, and the student placement procedures are each self-regulated by the 

relevant higher education institutions themselves, and are thereby independent of the centralized ÖSYM. In other 

words, the STEs can be held by different higher education institutions using varying methods in order to determine 

a suitable form of examination that fits their institution’s needs and infrastructure. While calculating the 

candidates’ overall score for admittance to a PESE program, the BPT score, weighted high school grade point 

average (GPA) score, the placement status of any higher education program from the previous year, whether or 

not they graduated from a sports high school, and the score they achieved in their STE are all used. The data was 

obtained from 1.671 candidates who applied to join the PESE program of a state university in Turkey between 

2016 and 2020, and that data was then subjected to analysis (see Table 2). 

Table 2. Distributions of Candidates According to Application Year 

Year Gender Average age (years) Number of candidates Quota 

2016 Total 19 690 50 

 
Female 19 167 20 

 
Male 20 523 30 

2017 Total 20 267 50 

 
Female 20 70 20 

 
Male 20 197 30 

2018 Total 19 244 55 

 
Female 19 61 20 

 
Male 19 183 35 

2019 Total 19 237 40 

 
Female 19 56 15 

 
Male 19 181 25 

2020 Total 19 233 40 

 
Female 19 60 15 

 
Male 20 173 25 

Total 19 1.671 235 

 

Table 2 details the admittance quotas for both male and female candidates for the PESE program at the relevant 

higher education institutions between 2016 and 2020. Also, as indicated in Table 2, it can be seen that whilst there 

are decreasing candidate numbers each year, the numbers of male candidates consistently exceed those of female 

candidates for the PESE program. 

Results 

In the current study, Orange software was used to perform predictions according to various algorithms (Padmavaty 

et al., 2020). In this context, the Random Forest, Support Vector Machines (SVM), Logistic Regression, k-Nearest 
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Neighbors (kNN), and Naïve Bayes algorithms were each used to predict whether or not a candidate could admit 

to the PESE program. Figure 2 illustrates the details of the workflow of each of the developed models within the 

scope of this research.  

 
Figure 2. Workflow of Developed Models 

 

In the models, to provide an assurance that the results obtained are both valid and may be generalized to make new 

predictions, the dataset (1.671 records) was partitioned into training (1.503 records) and test (168 records) sets via 

10-fold cross-validation. Details regarding the variables for each of the models are presented in Table 3. 

Table 3. Variables in the Models 

Features Target Meta 

- Application year (2016-2020) 

- Age (years) 

- Gender (Female; Male) 

- Placement status for previous year’s higher education program (Placement; 

No placement)  

- High school specialization (Sports high school; Other high school) 

- BPT score (Centralized higher education entrance exam) 

- Weighted high school GPA score (Graduation grade calculated from an 

average of each annual GPA during high school education. Multiplying these 

by 5/100 gives the weighted high school GPA, which can be calculated as the 

lowest 250 and the highest 500) 

- STE score (From candidates’ STE parkour) 

Candidates’ 

winning status  

- Winner 

- Reserve 

winner 

- Loser 

CandidateID 

 

Figure 3 provides an example of the analysis results used to predict the candidates’ winning status. The values in 

the “Status” column are the actual values, whereas the values in the other columns are those pertaining to those 

predicted by each model (Random Forest, kNN, SVM, Logistic Regression, and Naïve Bayes). 
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Figure 3. Predictions 

 
In order to evaluate the performance of each model based on the examples shown in Figure 3, a confusion matrix 

using information for the predicted and actual classifications can be used (e.g., Hasnain et al., 2020; Imamovic et 

al., 2020). In this context, the confusion matrices created for each algorithm used in the current study are presented 

in Figures 4a to 4e. 

 
Figure 4a. Confusion Matrix for Random Forest 

 

 
Figure 4b. Confusion Matrix for kNN 
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Figure 4c. Confusion Matrix for SVM 

 

 
Figure 4d. Confusion Matrix for Logistic Regression 

 

 
Figure 4e. Confusion Matrix for Naïve Bayes 

 

The main diagonal of each 3x3 confusion matrix provides the percentage of correctly predicted samples, whilst 

the matrix elements outside of the main diagonal provide the percentage of predicted errors. Figure 4a shows that 

99.8% of those not accepted into the PESE program, 97.3% of the reserve winners, and 96.2% of the winners were 

predicted correctly based on the Random Forest algorithm. The confusion matrices of the four other algorithms 

(kNN, SVM, Logistic Regression, and Naïve Bayes) are provided in Figures 4b, 4c, 4d, and 4e, respectively. 

Figure 4a showed that the algorithm that achieved the most accurate classification was Random Forest.  

Other performance measures such as precision, recall, and specificity can also be used to evaluate the performances 

of models via a confusion matrix (Acikkar & Akay, 2009). For example, one measure is the Area under ROC 

Curve (AUC), which defines the area under the ROC curve, and is commonly used to evaluate the distinguishing 
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potential of prediction models (Janssens & Martens, 2020; Marzban, 2004). Therefore, in the current study, the 

basic concepts used in evaluating the performance of a model in terms of its prediction are as follows: 

 Area under ROC Curve (AUC) 

 Classification Accuracy (CA): Rate of correctly classified instances (e.g., Baldi et al., 2000; Pattiasina & 

Rosiyadi, 2020). 

 Precision: Rate of true positives among instances classified as positive + false positives. 

 Recall: Rate of true positives among all positive instances + false negatives. 

 Specificity: Rate of true negatives among instances classified as negative + false positives. 

 F1 (also known as balanced F-score): A weighted harmonic mean of values from Precision and Recall 

methods (Acikkar & Akay, 2009; Orange Data Mining, 2021).  

In this context, the aforementioned six alternative performance measurements are indicated in Table 4 for each of 

the five models evaluated in the current study. 

Table 4. Performance Measurements of the Models 

Model AUC CA Precision Recall Specificity F1 

Random Forest 1.000 .985 .985 .985 .989 .985 

SVM .940 .845 .855 .845 .899 .849 

kNN .932 .818 .811 .818 .757 .809 

Logistic Regression .805 .701 .662 .701 .573 .663 

Naïve Bayes .936 .815 .806 .815 .774 .803 

 
According to Table 4, the algorithms’ classification accuracy from highest to lowest were Random Forest (.985), 

SVM (.845), kNN (.818), Naïve Bayes (.815), and Logistic Regression (.701), respectively. In other words, the 

Random Forest algorithm was shown to have correctly classified the instances almost exactly. 

Conclusion 

In this study, a model is proposed to predict whether or not a candidate can be accepted into a PESE program by 

using EDM algorithms. Decision tree (Delen, 2011; Nandeshwar et al., 2011), SVM (Huang & Fang, 2013), 

Random Forest (Delen, 2011; Vandamme et al., 2007), and Artificial Neural Networks (Vandamme et al., 2007) 

are considered to be the more efficient models that provide more accurate results in estimating values based on 

more than one variable. In this context, the Random Forest, SVM, kNN, Logistic Regression, and Naïve Bayes 

algorithms were utilized in this study, which was conducted in order to predict the placement of candidate students 

in the PESE program. In addition, the performance indicators of each of these algorithms were then compared. 

Briefly, this research presents two main areas of focus. First, the study aims to predict whether or not candidates 

will be accepted into a PESE program; and second, compares the performance indicators of five algorithms 

frequently used for the purposes of prediction in EDM. 

In this context, based on the analysis results of data obtained from 1.671 candidates between 2016 and 2020, it 

was estimated whether or not the candidates could be placed to the PESE program. The Random Forest algorithm 
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correctly predicted the placement status of the candidate with an excellent level of accuracy, whilst the other four 

algorithms were shown to have very high accuracy levels.  

In the literature, there are but very few studies in which EDM algorithms are employed for a similar purpose. For 

example, Acikkar and Akay (2009) attempted to predict the placement status of PESE candidates to the program 

based on data from 2006 and 2007 belonging to 260 candidates, and using only the SVM algorithm. Their research 

results showed that SVM-based classification may be considered a promising tool in this area of application. In 

the current study, the performance indicators of five different algorithms were compared using data from 1.671 

candidates for the 5-year period between 2016 and 2020, and it was seen that the Random Forest algorithm 

provided better results than SVM (Acikkar & Akay, 2009). Furthermore, the study carried out by Hussain et al. 

(2019), the performance indicators of different data mining algorithms for educational data were compared, and 

the findings indicated that the Neural Network was the best classifier.  

In the literature, some studies compared the performance indicators of different algorithms in different disciplines 

(e.g., Deist et al., 2018; Uddin et al., 2019). Uddin et al. (2019) examined the performances of different algorithms 

in disease risk estimation in which 48 articles were examined, with the most frequently used algorithms found to 

be SVM (29 articles), and Naïve Bayes (23 articles). However, it was also stated that the algorithm with the highest 

degree of accuracy was SVM. Deist et al. (2018), on the other hand, compared the performances of classification 

algorithms using a radiotherapy-based dataset consisting of data from 3,496 patients. The researchers concluded 

that both the Random Forest and Elastic Net Logistic Regression (chemo) algorithms were found to be more 

discriminatory when compared to other classifiers in predicting toxicity accumulated from radiotherapy. Similarly, 

Asri et al. (2016) compared the performances of different algorithms (SVM, Decision Tree, Naïve Bayes, and 

kNN) in diagnosing breast cancer, and reported that SVM was shown to result in the highest accuracy. Belavagi 

and Muniyal (2016) compared the performance indicators of four algorithms (Random Forest, Gaussian Naïve 

Bayes, Logistic Regression, and SVM) in classifying data traffic to determine whether or not there was an attack 

on a network system. The study showed that Random Forest presented the highest performance level in 

determining whether or not there was an attack in the data traffic.  

In summary, although it can be said that different algorithms can provide better results in the research conducted 

to date in different fields, the accuracy rate of the SVM and Random Forest algorithms can be said to be generally 

higher than other algorithms. For this reason, these algorithms should be included in the models used in future 

research. Furthermore, the current study was conducted with data obtained from 1,671 candidates who applied to 

the PESE program of a state university in Turkey. In future studies, more in-depth knowledge of the subject could 

be obtained by including data from candidates applying to PESE programs of different universities, as different 

types of STEs may be preferred by different universities (Kamuk, 2019; Kizir et al., 2014). Moreover, similar 

research studies could be conducted for other programs that also accept students via the STE route. In addition, 

similar studies may be carried out in different countries where similar exams are applied, and the situation between 

different cultures could then be compared. Additionally, it is recommended to investigate the reasons behind the 

decreases seen in the number of candidates applying to PESE programs in recent years. It would also be an 

interesting topic of research to investigate the reasons why males appear more interested in applying to PESE 

programs than females.  
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Based on these findings, it may be an interesting research subject to examine the relationship between the academic 

achievements of candidates who enrolled to PESE programs through until their graduation and the scores they 

initially received from their STEs. In other words, investigating whether or not those students who are more 

successful in the STE go on to graduate with a higher level of academic success from their respective PESE 

program may provide valuable information that could then be used to aid decision-making processes for faculties 

and administrators. Similarly, researching the relationship between students’ achievement on the courses they take 

during their education and their STE scores may also provide important information in terms of supporting data-

based decision-making processes. 
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Geniş Özet 

Giriş 

Teknolojideki son gelişmelere paralel olarak, günlük olarak üretilen veri hacminin yanı sıra veri üretim hızında da 

sürekli bir artış söz konusudur. Günlük yaşamın birçok farklı alanında giderek daha fazla kullanılmaya başlanan 

bu verilerin analizinden anlamlı bilgiler, modeller ve eğilimler ortaya çıkarılabilir (örn., Agrawal & Prabakaran, 

2020; Hallikainen ve diğerleri, 2020; Line ve diğerleri, 2020) ve bu veriler büyük veri olarak tanımlanabilir (De 

Mauro ve diğerleri, 2015). Bu veriler eğitim alanında öğrencilerin, öğretmenlerin, idarecilerin ve diğer paydaşların 

yeni araştırmalar yapmalarına ve daha önce bilinmeyen yeni yolları keşfetmelerine olanak tanıyabilir. Her paydaş 

grubunun kendi misyon ve hedefleri olduğundan, eğitim bilgilerinin genellikle çeşitli açılardan analiz edilmesi 

gerekmektedir (Hanna, 2004). 

Gelişmekte olan bir disiplin olarak eğitsel veri madenciliği, Romero ve Ventura (2010, s. 601) tarafından “farklı 

eğitim verileri üzerinde istatistiksel, makine öğrenimi ve veri madenciliği algoritmalarından yararlanma” aracı 

olarak tanımlanmıştır ve birincil amacı, eğitim çalışmalarında karar vermeyi güçlendirmek için eğitim verilerinden 

elde edilen faydalı bilgileri çıkarmaktır (Calvet Liñán & Juan Pérez, 2015). Bunu sağlamak için eğitsel veri 

madenciliği alanında kullanılan ve farklı araştırmacılar tarafından farklı şekillerde sınıflandırılan çeşitli yöntemler 

bulunmaktadır (Baker, 2011; Baker & Yacef, 2009; Bakhshinategh ve diğerleri, 2018; Romero & Ventura, 2013). 

Örneğin, Bakhshinategh ve diğerleri (2018, s. 540) çalışmasında en sık kullanılan yöntemleri; sınıflandırma ve 

regresyon, kümeleme, birliktelik kuralı madenciliği, modellerle keşif, aykırı değer tespiti, sosyal ağ analizi, metin 

madenciliği, sıralı örüntü madenciliği ve görselleştirme tekniği olarak belirtmiştir. Baker (2011) tarafından yapılan 

başka bir çalışmada ise bu yöntemler beş genel kategoriye ayırmıştır: ilişki madenciliği, kümeleme, tahmin, insan 

muhakemesi için verilerin damıtılması ve modellerle keşif. Bu nedenle, eğitsel veri madenciliği için kullanılan her 

yöntemin, kullanımında dikkate alınması gereken, potansiyel olarak farklı özelliklere sahip olabileceği göz önünde 

bulundurulmalıdır. 

Eğitsel veri madenciliğinde en çok tercih edilen yöntemlerden biri ise tahmindir (Aouifi ve diğerleri, 2021; 

Sokkhey & Okazaki, 2020; Saa, 2016). Günümüz eğitim sistemlerinin önemli hedeflerinden biri ise, akademik 

sonuçları en üst düzeye çıkarmak ve öğrencilerin başarısızlık oranlarını en aza indirerek eğitim deneyiminin 

kalitesini artırmaktır. Bu bağlamda, tahmin yöntemleri kullanılarak öğrenicilerin akademik performansları 

(Waheed ve diğerleri, 2020) ve belirli bir ders için başarılı/başarısız olma olasılıkları (Abut ve diğerleri, 2018) 

tahmin edilebilir. Aynı yöntemler, okuldan ayrılmalar hakkında erken tahminlerde bulunmak için de kullanılabilir 

(Márquez-Vera ve diğerleri, 2016). 

Ayrıca adayları farklı kriterlere göre değerlendirerek, okullara veya diğer eğitim programlarına kabul edilip 

edilmeyecekleri, işe kabul edilip edilmeyecekleri vb. önceden tahmin edilebilir (örn., Açıkkar & Akay, 2009). 

Örneğin, öğrenciler doğrudan yükseköğretim kurumlarının kendileri tarafından düzenlenen özel yetenek 

sınavlarına (STE) göre, Türkiye’deki belirli yükseköğretim programlarına kabul edilebilirler. Örnek olarak, 

öğrencilerin Beden Eğitimi ve Spor Eğitimi programına kayıt hakkı kazanabilmeleri için çok sayıda kriter (bkz. 

Tablo 3) dikkate alınmaktadır. Bu bağlamda bu araştırmanın birincil amacı da adayların Beden Eğitimi ve Spor 

Eğitimi programına kabul edilip edilmeyeceklerini farklı algoritmalar kullanarak tahmin etmektir.  
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Yöntem 

Türkiye’de öğrencilerin bir yükseköğretim kurumuna kayıt yaptırabilmeleri için öncelikle, Ölçme, Seçme ve 

Yerleştirme Merkezi tarafından yapılan Yükseköğretim Kurumları Sınavına girmeleri gerekmektedir. Ardından, 

Ölçme, Seçme ve Yerleştirme Merkezi tarafından yapılan üniversite giriş sınavlarından aldıkları puanlar dikkate 

alınarak ve doğrudan yükseköğretim kurumlarının kendileri tarafından düzenlenen özel yetenek sınavlarından 

aldıkları puanlar dikkate alınarak çeşitli programlara kabul edilebilirler. Çünkü Türkiye’deki yükseköğretim 

kurumlarındaki bazı programlara (antrenörlük, spor yöneticiliği, beden eğitimi ve spor eğitimi vb.) özel yetenek 

sınavları ile öğrenci kabul edilmektedir. Örneğin, Spor Bilimleri Fakültelerinin Beden Eğitimi ve Spor Eğitimi 

programlarına özel yetenek sınavları ile öğrenci alınmaktadır. Bu bağlamda, bu araştırma kapsamında 

Türkiye’deki bir devlet üniversitesinin Beden Eğitimi ve Spor Eğitimi programına kayıt hakkı kazanabilmek için, 

2016-2020 yılları arasında başvuruda bulunan 1.671 adaydan elde edilen verilerle çalışılmıştır. 

Bulgular 

Mevcut çalışmada, çeşitli algoritmalara göre tahminler gerçekleştirmek için Orange yazılımı kullanılmıştır 

(Padmavaty vd., 2020). Bu bağlamda, bir adayın Beden Eğitimi ve Spor Eğitimi programına kabul edilip 

edilemeyeceğini tahmin etmek için Random Forest, Support Vector Machines, Logistic Regression, k-Nearest 

Neighbors ve Naïve Bayes algoritmaları kullanılmıştır. Araştırma bulgularına göre, algoritmaların en yüksekten 

en düşüğe doğru sınıflandırma doğruluğu; Random Forest (.985), SVM (.845), kNN (.818), Naïve Bayes (.815) 

ve Logistic Regression (.701) şeklindedir. Başka bir ifadeyle, Random Forest algoritmasının, örnekleri neredeyse 

tam olarak doğru bir şekilde sınıflandırdığı görülmüştür. 

Sonuç 

Bu çalışmada, eğitsel veri madenciliği algoritmaları kullanılarak bir adayın Beden Eğitimi ve Spor Eğitimi 

programına kabul edilip edilemeyeceğini tahmin etmek için bir model önerilmiştir. Ayrıca, bu algoritmaların her 

birinin performans göstergeleri daha sonra karşılaştırılmıştır. Diğer bir ifadeyle, bu araştırmanın iki ana odak alanı 

bulunmaktadır. İlk olarak, adayların ilgili programa kabul edilip edilmeyeceklerini tahmin etmeyi amaçlamaktadır. 

İkincisi ise, eğitsel veri madenciliğinde tahmin amacıyla sıklıkla kullanılan beş farklı algoritmanın performans 

göstergelerini karşılaştırmaktır. Bu kapsamda Beden Eğitimi ve Spor Eğitimi programına kayıt hakkı kazanmak 

için, 2016-2020 yılları arasında başvuruda bulunan 1.671 adaydan elde edilen veriler analiz edilmiştir. Sonuçlar 

Random Forest algoritmasının, adayın yerleşme durumunu mükemmel bir doğruluk seviyesiyle tahmin 

edebildiğini göstermiştir. 

Alanyazında eğitsel veri madenciği algoritmalarının benzer bir amaçla kullanıldığı çok az sayıda çalışma 

bulunmaktadır. Örneğin, Açıkkar ve Akay (2009) tarafından yapılan çalışmada, 2006 ve 2007 yıllarında, Beden 

Eğitimi ve Spor Eğitimi programına başvuruda bulanan 260 adayın ilgili programa yerleşip yerleşemeyeceği 

sadece SVM algoritması kullanılarak tahmin edilmeye çalışılmıştır. Bu çalışmada ise, 2016-2020 yılları arasındaki 

5 yıllık dönem için 1.671 adaydan elde edilen veriler kullanılarak beş farklı algoritmanın performans göstergeleri 

karşılaştırılmış ve Random Forest algoritmasının SVM’den daha iyi sonuçlar verdiği görülmüştür. 

Bu bulgulardan hareketle, Beden Eğitimi ve Spor Eğitimi programlarına kayıt yaptıran adayların mezuniyetlerine 

kadar olan akademik başarıları ile başlangıçta girdikleri özel yetenek sınavlarından aldıkları puanlar arasındaki 
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ilişkiyi incelemek ilginç bir araştırma konusu olabilir. Diğer bir ifadeyle, özel yetenek sınavından daha başarılı 

olan öğrencilerin ilgili programdan daha yüksek düzeyde akademik başarı ile mezun olup olmadıklarını araştırmak, 

yöneticiler için karar verme süreçlerine yardımcı olabilecek değerli bilgiler sağlayabilir. Benzer şekilde, 

öğrencilerin öğrenimleri süresince aldıkları derslerdeki başarıları ile özel yetenek sınavı puanları arasındaki 

ilişkinin araştırılması da veriye dayalı karar verme süreçlerini desteklemesi açısından önemli bilgiler sağlayabilir. 
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