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Bu calismada, yiiksek6gretim kurumlarindaki 68renci basarisinin tahmin edilmesi amaciyla 9 farkl
makine 6grenmesi algoritmasinin performanslari karsilastirilmistir. Arastirma kapsaminda, 6grencilerin
demografik dzellikleri, akademik ge¢misleri ve sosyo-ekonomik durumlarini iceren kapsamli bir veri seti
tizerinde XGBoost, Random Forest, Gradient Boosting gibi ensemble yontemleri ile geleneksel
algoritmalar analiz edilmistir. Veri dn isleme asamasinda eksik veriler median degerler ve kategorik
kodlama teknikleriyle islenmis, 6zellik 6nem analiziyle kritik faktorler belirlenmistir. Bes kath ¢apraz
dogrulama sonuglarina gore XGBoost algoritmasi %90.1 test dogruluguyla en yiiksek performansi
gosterirken, 6zellik 6nem analizi "onceki yeterlilik notu" ve "kabul puani"nin en belirleyici faktorler
oldugunu ortaya koymustur. Bulgular, egitim kurumlariin erken uyari sistemleri gelistirirken ensemble
yontemlerinin kullaniminin etkililigini kanitlamaktadir.

Anahtar Kelimeler: Ogrenci basart tahmini, makine G&Grenmesi, XGBoost, egitim veri madenciligi,
karsilastirmali algoritma analizi

Abstract

This study presents a comparative performance evaluation of 9 machine learning algorithms for
predicting student academic success in higher education institutions. Using a comprehensive dataset
encompassing demographic characteristics, academic history, and socio-economic status, we analyzed
ensemble methods (XGBoost, Random Forest, Gradient Boosting) alongside traditional algorithms.
During data preprocessing, missing values were handled through median imputation and categorical
encoding techniques, while feature importance analysis identified critical predictive factors. Five-fold
cross-validation results demonstrated that the XGBoost algorithm achieved superior performance with
90.1% test accuracy, with feature importance analysis revealing "previous qualification grade" and
"admission score" as the most determinant factors. The findings substantiate the effectiveness of
ensemble methods in developing early warning systems for educational institutions.

Keywords: Student success prediction, machine learning, XGBoost, educational data mining, comparative
algorithm analysis.

GIRIS

Gilinlimiizde yasanan teknolojik ilerlemeler, bir¢ok alanda kokli degisimlere yol agmakta ve
insan yasamini olumlu yonde etkilemektedir. Bu doniisiimiin en dnemli yansimalarindan biri
de egitim alaninda goriilmektedir. Egitimde teknolojinin sundugu yeniliklerden biri, makine
o0grenmesi yontemlerinin 6l¢cme, degerlendirme ve o6ngori strecglerinde kullanilmasidir.
Ogrencilerin akademik performanslarini analiz etmek, egitim siireclerini optimize etmek ve
gelecege yonelik tahminlerde bulunmak, egitimde kaliteyi artirmak acisindan biiytik bir 6nem

tasimaktadir. Geleneksel Olgme degerlendirme sistemleri 6grencilerin performans ve
basarisini tam 6lcememekle birlikte gelecege dair 6ngoriilerde de bulunamamaktadir.
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Makine Ogrenme algoritmalari egitim verilerinin degerlendirme asamalarinda siklikla
kullanilmaya baslanmistir. Veri icerisinde anlamli bilgileri ¢ikarmak ve o anlaml verilerinden
gelecege dair ongoriilerde bulunmak manuel olarak da yapilabilen islemler olsa da verilerin
artmasi ve cesitliligin fazlalasmasi manuel olarak verilerin degerlendirilmesini miimkiin
kilmamaktadir. Ayrica hatalarin yasanmasi da kacinilmazdir. Makine 6grenme algoritmalari
milyonlarca veriyi hizli bir sekilde analiz ederek degerlendirme ve oOngoriiler de
bulunabilmektedir (Ulker ve Inik, 2017).

Makine
Ogrenmesi
Denetimli Denetimsiz Pekistirmeli
Ogrenme Ogrenme Ogrenme

Sekil 1 Makine Ogrenmesi Yéntemleri

Makine 6grenmesi (ML), verilerden anlaml bilgiler ¢ikararak tahmin veya kararlar alabilen
algoritmalarin gelistirilmesini saglayan bir yapay zeka alt dalidir(Mitchell & Mitchell, 1997)
Makine 6grenmesi yontemleri, Sekil 1’de gorildigi gibi 6grenme siireglerine bagh olarak
denetimli 6grenme (supervised learning), denetimsiz 6grenme (unsupervised learning) ve
pekistirmeli 6grenme (reinforcement learning) olmak iizere tli¢ temel kategoriye ayrilmaktadir
(Goodfellow, Bengio & Courville, 2016).

Denetimli 68renme, giris verileri ile bu verilere karsilik gelen etiketlerin bulundugu veri
kiimeleri lizerinde egitilen bir makine 6grenmesi yontemidir(Bishop & Nasrabadi, 2006).
Model, giris verileri ile etiketler arasindaki iliskileri 6grenerek yeni veriler iizerinde
tahminlerde bulunabilir. Denetimli 6grenme yontemleri genellikle siniflandirma
(classification) ve regresyon (regression) problemlerinde kullanilir.

Denetimsiz 6grenme, etiketlenmemis veriler lizerinde calisan ve veri setindeki i¢c yapiy1
kesfetmeye yonelik bir yontemdir. Bu yontemde model, verilerdeki benzerlikleri ve iligkileri
analiz ederek gruplamalar veya boyut indirgeme islemleri gerceklestirir. Denetimsiz 6grenme,
ozellikle kiimeleme (clustering) ve boyut indirgeme (dimensionality reduction) gibi gorevlerde
kullanilir.

Pekistirmeli 6grenme, bir ajanin (68renen sistemin) bir ortamda belirli bir 6dil sistemine
dayanarak deneyimlerden 6grenmesini saglayan bir 6grenme yontemidir (Sutton & Barto,
1998). Bu yontem, genellikle bir dizi eylem gergeklestirerek uzun vadeli 6dili en st diizeye
¢ikarmay1 amaclayan problemlerde kullanilir.

Literatiirde Makine Ogrenme yontemleri kullanilarak egitim alaninda bir¢ok c¢alisma
incelenmistir. Tosunoglu vd. yapmis olduklar1 calismada egitim bilimleri alaninda makine
6grenmesi kullanilan makalelerdeki egilimleri incelenmislerdir. Web of Science veri tabaninda
2015-2020 yillar1 arasinda yayimlanan 201 makale icerik analizi yo6ntemiyle
degerlendirilmistir. Sonuglara gore, ¢alismalarin %42,9'u deneysel veya uygulamal
arastirmalardan olusmaktadir. En sik kullanilan makine 6grenmesi yontemleri arasinda %22,5
ile karar agaclari, %17,8 ile destek vektor makineleri ve %14,2 ile Naive Bayes yer almaktadir.
Orneklemlerin %35,3’tinii lisans ogrencileri olustururken, en yaygin érneklem biiyikligi
%29,7 ile 101-1000 kisi araligindadir. Verilerin %34'l veri tabanlari ve log kayitlarindan elde
edilmistir. Calisma, egitimde makine Ogrenmesi uygulamalarinin ulusal literatiire katki
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sagladigini ve gelecekteki arastirmalara yol gosterebilecegini ortaya koymaktadir(Tosunoglu,
Yilmaz, Ozeren, & Saglam, 2021).

Diinder ve Diinder (2024) gergeklestirdikleri calismada, makine 6grenmesi algoritmalarinin
0grenci basarisini tahmin etmedeki performanslari karsilastirilmistir. Egitim alanindaki veri
setlerinin kategorik yapisi ve smif dengesizligi sorununa dikkat c¢ekilerek, bu durumu
gidermek icin SmoteNC teknigi kullanilmistir. Bes farkli makine 6grenmesi algoritmasi ile
yapilan analizler sonucunda, sinif dengesizligi giderildiginde makine 6grenmesi yontemlerinin
sinirli gézlem iceren verilerde de basarili sekilde uygulanabilecegi belirlenmistirErsozlu vd.
(2024) yapmis olduklar1 ¢alismada, makine 6grenmesi yontemlerinin egitim arastirmalarina
entegrasyonunun Ogretim, O0grenme ve degerlendirme siireclerine etkisini incelemistir.
Sistematik bir literatiir taramasi (SLR) yontemiyle, egitim arastirmalarinda yiliksek etkiye
sahip iki biiylik veri tabanindan secilen 77 ¢alisma degerlendirilmistir. Analiz sonuglarina gore,
calismalarin %88’inde denetimli 6grenme yontemleri kullanilmis olup, en yaygin teknikler
arasinda karar agaclari, destek vektor makineleri, rastgele ormanlar ve lojistik regresyon yer
almaktadir. Yar1 denetimli 6grenme yoéntemleri daha az kullanilmis olsa da, 6grenci
performans tahmininde basarili sonuclar elde edilmistir. Calisma, makine 6grenmesi
yontemlerinin egitim arastirmalarindaki roliine dair 6nemli bulgular sunarak, arastirmacilar,
istatistikciler ve egitim politikacilar1 i¢cin dneriler gelistirmistir.

Wang vd. (2024) yapmis olduklari ¢calismada, egitimde yapay zeka (AIED) alanindaki literatiiri
kapsaml bir sekilde inceleyerek, yapay zeka uygulamalarinin temel kategorilerini, arastirma
konularint ve yontemsel yaklasimlari analiz etmistir. 2.223 arastirma makalesinin
bibliyometrik analizi ve 125 secili makalenin icerik analizi sonucunda, AIED ¢alismalarinin
uyarlanabilir 6grenme, kisisellestirilmis 6gretim, akilli degerlendirme, 6grenci profilleme ve
tahminleme gibi genis bir uygulama yelpazesine sahip oldugu belirlenmistir. Arastirmalar,
egitim sistemlerinin teknik tasariminin yami sira, AIED’nin benimsenmesi, etkileri ve
karsilasilan zorluklari da ele almaktadir. Calisma ayrica AIED alaninda kullanilan teorik
cerceveleri ve disiplinler arasi yayin egilimlerini inceleyerek, gelecekteki arastirmalar igin
oneriler sunmaktadir.

Onyema vd. (2022) yapmis olduklar: ¢alismada, makine 6grenmesi uygulamalarinin akademik
ongoriilerdeki potansiyelini ve karsilasilan zorluklari incelemistir. K-NN, rastgele orman,
bagging, yapay sinir aglar1 (ANN) ve Bayesci sinir aglar1 (BNN) gibi algoritmalarin 6grenci
basarisini ve 6grenme tarzlarini tahmin etmede etkili oldugu vurgulanmistir. Geleneksel
tahmin yontemlerindeki eksikliklerin, yapay zeka tabanli makine 6grenmesi algoritmalari ile
biiylik olglide giderildigi ve egitim paydaslarinin karar alma siireglerini destekledigi
belirtilmistir. Bununla birlikte, veri toplama zorluklari, hata egilimleri ve zaman maliyeti gibi
sinirlamalarin, akademik tahmin siireclerinde makine 6grenmesi uygulamalarini
etkileyebilecegi ifade edilmistir. Calisma, makine 6grenmesinin akademik tahminleme alaninda
onemli bir potansiyele sahip oldugunu ve egitimde daha bilingli kararlar alinmasini
saglayabilecegini ortaya koymaktadir.

Bu c¢alismada tliniversite 68rencilerinin almis olduklar: derslerdeki performanslarindan ziyade
egitim hayatlarina devam edip etmeyecekleri konusunda bir tahmin modeli olusturmayi
amagclamaktadir. Olusturulan tahmin modeli ile lisans egitimini tamamlama konusunda
potansiyel probleme sahip 6grenciler erken tahmin edilerek okula devam etmesi icin cesitli
sosyal ve psikolojik destekler verilerek egitim hayatina devam ettirilmesi planlanmaktadir.
Yiiksekogretimde egitimde siirekliligin saglanmasi ve 6grencilerin lisans egitimi olarak daha
basarili bireyler olmasi icin erken tahmin ve miidehale oldukca o6nemlidir. Calismada
kullanilan makine 06grenme algoritmalar1 karsilastirilarak en cok basar1 elde edilmesi
planlanan algoritmalar iizerinde calisilmis ve bu algoritmalarin basar1 degerlerini arttirmak
icin veri seti analiz edilerek karsilastirllmistir. Calismanin sadece belirli bir bolge yapilmasi
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calismaya bir simirhlik getirmektedir. Gelecekte farkli bolgelerden elde edilen veri setleri
kullanilarak modelin evrensel gecerliligi arttirilabilinir.

YONTEM

Bu boéliimde o6grencilerin lisans egitimine devam edip etmeyecekleri ile ilgili tahminleri
yapabilmek icin kullanilacak veri seti, makine 6grenme algoritmalari ve analizleri anlatilmistir.

Veri Seti

Bu calismada, makine 6grenmesi alaninda referans kaynak olarak kabul edilen UCI Makine
Ogrenmesi Deposu'ndan (University of California Irvine Machine Learning Repository) temin
edilen veri seti kullanilmistir. UCI veri setleri, akademik c¢alismalarda yaygin olarak
kullanilmakta olup, gecerliligi uluslararasi diizeyde kabul gormektedir. Calismada kullanilan
veri seti Portekiz'in Portalegre Politeknik Enstitiisii'ndeki lisans programlarina 2018-2019
yillarinda kaydolan 6grencilerin kurumsal verilerinden (gesitli veritabanlarindan derlenmistir)
elde edilerek olusturulmustur. Veri setindeki 6grenciler agronomi, tasarim, egitim, hemsirelik,
gazetecilik, yonetim, sosyal hizmet ve teknoloji alanlarindaki lisans programlarina kayith
ogrencileri kapsamaktadir(Martins, Tolledo, Machado, Baptista, & Realinho, 2021).

Veri setin 4424 adet 6grenciye ait 37 6znitelikten olusmaktadir. Ogrencilere ait dznitelikler
Tablo 1'de detayl olarak gosterilen Demografik Degiskenler, Sosyo-Ekonomik Degiskenler,
Akademik Degiskenler, Basari Durumu Dagilimi kategorilerinden olugsmaktadir. Veri setinde
bulunan eksik veriler icin median degerle doldurma yontemi tercih edilmistir. Bu yontem, asir1
uc degerlerin etkisini azaltmak ve basitligi nedeniyle 6ncelikli olarak tercih edilmistir.

Tablo 1 Oznitelik Kategorileri

Kategori Oznitelikler

Demografik Medeni Durum, Cinsiyet, Kayit Yasi, Uyruk, Ozel Egitim Gereksinimi

Degiskenler

Sosyo-Ekonomik Basvuru Modu, Basvuru Sirasi, Program, Giindiiz/Gece Egitimi, Onceki Egitim, Onceki
Degiskenler Egitim Notu, Kabul Notu, Yerlesim Durumu, 1. Dénem Ders Kredileri, 1. Donem Kayith

Dersler, 1. Dénem Degerlendirilen Dersler, 1. Dénem Basarilan Dersler, 1. Dénem Not
Ortalamasi, 1. Dénem Degerlendirilmemis Dersler, 2. Donem Ders Kredileri, 2. Donem
Kayith Dersler, 2. Dénem Degerlendirilen Dersler, 2. Dénem Basarilan Dersler, 2. Dénem
Not Ortalamasi, 2. Dénem Degerlendirilmemis Dersler

Akademik Degiskenler Basvuru Modu, Basvuru Sirasi, Program, Giindiiz/Gece Egitimi, Onceki Egitim, Onceki
Egitim Notu, Kabul Notu, Yerlesim Durumu, 1. Donem Ders Kredileri, 1. Donem Kayith
Dersler, 1. Dénem Degerlendirilen Dersler, 1. Donem Basarilan Dersler, 1. Dénem Not
Ortalamasi, 1. Donem Degerlendirilmemis Dersler, 2. Donem Ders Kredileri, 2. Donem
Kayith Dersler, 2. Dénem Degerlendirilen Dersler, 2. Dénem Basarilan Dersler, 2. Donem
Not Ortalamasi, 2. Dénem Degerlendirilmemis Dersler

Basar1 Durumu Ogrenciler ii¢ kategoriye ayrilmistir: Mezuniyet, Goreceli Basar1 ve Basarisizlik.
Dagilimi

Kullanilan Makine Ogrenme Algoritmalari

Bu calismada, 68renci basarisini tahmin etmek amaciyla 9 farkli makine 6grenmesi algoritmasi
uygulanmistir. Algoritmalarin seciminde siniflandirma problemine uygunluk, literatiirdeki
yaygin kullanim ve karsilagtirmali analiz yapma imkani g6z onilinde bulundurulmustur.
Kullanilan Makine Ogrenme Algoritmalart:

Lojistik Regresyon (Logistic Regression)

Lojistik regresyon, siniflandirma problemlerinde yaygin olarak kullanilan istatistiksel bir
yontemdir(Hosmer, Lemeshow, & Sturdivant, 2000) Model, logit fonksiyonu kullanarak
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bagimsiz degiskenlerin siniflandirma olasiliklarini tahmin eder. Denklem 1'de gosterilen (3
parametreleri model katsayilarini, X ise bagimsiz degiskenleri temsil etmektedir.

P(y=1x) =1/ (1 + e™(BotPixit...tPuXn)) 08
Karar Agaglari (Decision Trees)

Karar agaclari, veri kiimesini 6zellik degerlerine gore ardisik bolerek siniflandirma kurallari
olusturur(Quinlan, 1986). Esitlik 2’de goriildiigii tizere Entropi veya Gini indeksi kullanilarak
en iyi boliinmeler belirlenir.

Gini(t) =1 - Z[p(it)]? (2)
Rastgele Orman (Random Forest)

Breiman (2001) tarafindan onerilen bu ensemble yodntemi, birden fazla karar agacinin
kombinasyonuna dayanir. Her agag, bootstrap érneklemi iizerinde egitilir ve sonuglar oylama
yontemiyle birlestirilir.

Destek Vektor Makineleri (SVM)

Vapnik (1995) tarafindan gelistirilen SVM, optimal ayirici hiperdiizlemi bulmaya dayanir.
Esitlik 3’te goriildiigii gibi dogrusal olmayan ayrimlari modellemek icin kernel fonksiyonlari
kullanilir.

f(x) = sign(ZoiyiK(xi,x) + b) (3)
K-En Yakin Komsu (KNN)

Cover ve Hart (1967) tarafindan onerilen bu yontem, siniflandirma islemini en yakin
komsunun sinif etiketlerine gore belirleyen sezgisel bir yaklasimdir.

Naive Bayes

Bayes teoremine dayanan bu yodntem, bagimsiz degiskenlerin kosulsuz bagimsiz oldugu
varsayimiyla ¢calisir(Murphy, 2012).

P(ylxi,....xn) o¢ P(y)ITP(xily) (4)
Gradient Boosting

Friedman (2001) tarafindan gelistirilen bu yéntem, zayif 68renicilerin hata paylarini azaltacak
sekilde ardisik olarak egitilmesine dayanir.

XGBoost

Chen ve Guestrin (2016) tarafindan gelistirilen XGBoost, regularizasyon mekanizmalari ile
giiclendirilmis ve optimize edilmis bir gradient boosting algoritmasidir.

Yapay Sinir Aglar: (MLP)

Cok katmanli perceptron (MLP), yapay sinir aglarinin temel bir formudur (Bishop & Nasrabadi,
2006). Katmanlar arasinda aktivasyon fonksiyonlar1 kullanarak dogrusal olmayan déniistimler
gerceklestirir.

Toplamda 9 farkli makine O0grenmesi algoritmasi uygulanmis ve performanslar
karsilastirilmistir. Hiperparametre ayarlamalari icin grid search yontemi kullanilmis ve bu
sayede her algoritma i¢in optimum parametre degerleri belirlenmistir. Calisma boyunca bes
katli ¢capraz dogrulama yontemiyle modellerin genellenebilirlik performanslari test edilmistir.
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Model Basarim Olgiitleri

Siniflandirma modellerinin performansinmi degerlendirmek icin ¢esitli metrikler kullanilir. Bu
metrikler, modelin ne kadar dogru tahmin yaptigin1 ve ne kadar giivenilir oldugunu gosterir.
Modelin basarimini gorsellestirmek Tablo 2’de gosterilen karisiklik matrisi kullanilir. Bu
matris, gercek degerlerle modelin tahminlerini karsilastirir.

Tablo 2 Karisiklik Matrisi

Tahmin / Ger¢ek Pozitif (1) Negatif (0)
Pozitif (1) Dogru Pozitif (DP) Yanlis Pozitif (YP)
Negatif (0) Yanlis Negatif (YN) Dogru Negatif (DN)

DP modelin pozitif olarak tahmin ettigi ve gercekte de pozitif olan degerler. YP modelin pozitif
olarak tahmin ettigi ancak gercekte negatif olan degerler. YN modelin negatif olarak tahmin
ettigi ancak gercekte pozitif olan degerler. DN modelin negatif olarak tahmin ettigi ve gercekte
de negatif olan degerler.

Dogruluk-Hata Orani (Accuracy-Error Rate)

Dogruluk, dogru tahminlerin toplam tahminlere oranidir. Hata orani ise yanlis tahminlerin
toplam tahminlere oranidir.

Dogruluk = (DP + DN) / (DP + YP + YN + DN) (5)

Hata Orani = (YP + YN) / (DP + YP + YN + DN) (6)
Kesinlik (Precision)

Kesinlik, modelin pozitif olarak tahmin ettigi degerlerin ne kadarinin gergekte pozitif oldugunu
gosterir.

Kesinlik = DP / (DP + YP) (7)
Duyarlilik (Recall/Sensitivity)

Duyarlilik, gercekte pozitif olan degerlerin ne kadarinin model tarafindan pozitif olarak tahmin
edildigini gosterir.

Duyarhilik = DP / (DP + YN) (8)
F1-Skoru (F-Measure)

F1-skoru, kesinlik ve duyarhligin harmonik ortalamasidir. Hem kesinlik hem de duyarhlig
dengeli bir sekilde degerlendirir.

F1-Skoru = 2 * (Kesinlik * Duyarlilik) / (Kesinlik + Duyarlilik) 9
ROC Egrisi (Receiver Operating Characteristic Curve)

ROC egrisi, modelin farkli esik degerlerinde dogru pozitif oranin1 (DP) yanls pozitif oranina
(YP) kars1 gosterir. Egrinin altinda kalan alan (AUC), modelin genel basarimimi gosterir. AUC
degeri 1'e ne kadar yakinsa model o kadar iyidir. Dogru pozitif orani1 (DP) duyarlilik ile aynidir.
Yanlis pozitif oran1 YP / (YP + DN) formiilii ile hesaplanir.

BULGULAR

Bu calismada, lisans 6grencilerinin egitim hayatlarina devam edip etmeyeceklerini tahmin
etmek amaciyla 9 farkli makine 6grenmesi algoritmasi kullanmilmis ve performanslari
karsilastirilmistir. Veri seti, 6grencilerin demografik bilgileri, akademik ge¢cmisleri ve sosyo-
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ekonomik durumlari gibi gesitli 6zellikleri icermektedir. Hedef degisken, 6grencilerin "Mezun"
(1) veya "Mezun Olamayan/Devam Eden" (0) seklinde siniflandirilmasidir. Tablo 3’de
gosterilen sonuclarda, 9 farkli makine 6grenmesi algoritmasinin 5 kath capraz dogrulama
(cross-validation) ve test seti lizerindeki performansini géstermektedir:

Tablo 3 Makine Ogrenmesi Algoritmalarinin Performans Metrikleri

Model Capraz Dogrulama Ortalama  Capraz Dogrulama Test Dogruluk
Dogruluk Standart Sapma Oram
XGBoost 0.892 0.012 0.901
Gradient Boosting 0.885 0.011 0.896
Random Forest 0.879 0.013 0.889
LightGBM 0.874 0.014 0.883
Lojistik Regresyon 0.862 0.015 0.871
Yapay Sinir Ag1 0.857 0.016 0.866
Destek Vektor Makineleri 0.851 0.017 0.859
K-En Yakin Komsu 0.842 0.018 0.848
Karar Agaci 0.831 0.019 0.839
Gauss Naive Bayes 0.813 0.021 0.824

Veri setine uygulanan makine 6grenme algoritmalarindan en basarili sonucu veren XGBoost
algoritmasinin siniflandirma modeli Tablo 4’te gosterilmektedir. Tabloda Kesinlik (Precision)
modelin pozitif olarak isaretledigi O6rneklerin gercekten ne kadarinin pozitif oldugunu
gostermektedir. Duyarlilik (Recall) gercek pozitiflerin ne kadarinin dogru tahmin edildigini
gostermektedir. F1-Skoru ise kesinlik ve duyarliligin harmonik ortalamasidir.

Tablo 4 XGBoost Algoritmasi Siniflandirma Modeli

Kesinlik Duyarlilik F1-Skoru
0 0.91 0.89 0.90
1 0.89 091 0.90

Bu sonuclara gore, model hem mezun olan hem de olamayan 6grencileri yliksek dogrulukla
tahmin edebilmektedir. Modelin kesinlik(precision) degerleri her iki sinif icin de 0.90 civarinda
cikmistir, bu da modelin yanlis pozitif ve yanlis negatif oranlarinin dengeli oldugunu
gostermektedir.

Sekil 2’de en 6nemli 10 6znitelik ve 6nem oranlari verilmistir. Bu sonuglara gore, 68rencinin
onceki akademik basarisini gosteren " Onceki yeterlilik notu" ve " Kabul puan1 " en énemli iki
ozellik olarak one g¢ikmaktadir. Bu bulgu, 6grencinin daha dnceki akademik performansinin,
Universite basarisini tahmin etmede kritik rol oynadigini gostermektedir. Diger onemli
ozellikler arasinda yas, cinsiyet ve sosyo-ekonomik durumla ilgili faktorler yer almaktadir.
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Sekil 2 En Onemli 10 Oznitelik ve Onem Dereceleri

XGBoost, Gradient Boosting ve Random Forest gibi ensemble yontemlerinin diger
algoritmalara gore daha iyi performans gostermesi, bu yontemlerin karmasik veri yapilarini
modellemedeki yetenekleriyle aciklanabilir. Ozellikle XGBoost'un regularizasyon teknikleri ve
optimizasyon algoritmalari sayesinde asir1 6grenmeyi (overfitting) engelleyerek genellenebilir
modeller olusturdugu goriilmiistiir. Bu durum, XGBoost'un regularizasyon teknikleri (L1, L2)
ve asirt Ogrenmeye karsi direnci sayesinde modelin genellenebilirligini artirmasiyla
aciklanmaktadir. Modelin agiklanabilirligini saglamak i¢in 6znitelik 6nemi analiz edilmistir.
Lineer bir model olan logistik regresyonun %87.1'lik test dogruluguyla olduke¢a iyi performans
gostermesi, veri setindeki bazi1 oOzellikler ile hedef degisken arasinda lineer iliskiler
bulunduguna isaret etmektedir. Cok katmanl algilayici (MLP) modelinin %86.6'lik test
dogrulugu, daha karmasik yapidaki modellerin bu veri setinde mutlaka daha iyi performans
gostermeyebilecegini ortaya koymaktadir. Gaussian Naive Bayes'in %82.4'liik test
dogruluguyla en diisiik performansi gostermesi, bu algoritmanin dzellikler arasindaki kosullu
bagimsizlik varsayiminin veri seti icin tam olarak gecerli olmayabilecegini diistindiirmektedir.

SONUCLAR ve TARTISMA

Bu kapsaml analiz, 6grenci basarisini tahmin etmede ensemble yontemlerinin, 6zellikle de
XGBoost'un diger geleneksel makine 6grenmesi algoritmalarina kiyasla daha tistiin performans
sergiledigini ortaya koymustur. Modelin en 6nemli 6zellikler olarak belirledigi akademik
gecmis ve giris notlari, 6grenci basarisindaki kritik faktorler olarak 6ne cikmaktadir. Elde
edilen bulgular, egitim kurumlarinin erken uyari sistemleri gelistirirken XGBoost veya benzeri
ensemble yontemlerini kullanmalarinin ve o6zellikle o6grencilerin 6nceki akademik
performanslarini dikkate alan mitdahale stratejileri gelistirmelerinin faydali olabilecegini
gostermektedir. Bu calismanin bir sonraki asamasinda, hiperparametre optimizasyonu
teknikleri kullanilarak modellerin performanslarinin daha da iyilestirilmesi ve alternatif
ozellik miihendisligi yontemlerinin arastirilmasi  planlanmaktadir. Ayrica, model
interpretability teknikleri kullanilarak modellerin karar verme stireclerinin daha detayl analiz
edilmesi de 6nerilmektedir.
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Abstract

This study presents a comparative performance evaluation of 9 machine learning algorithms for
predicting student academic success in higher education institutions. Using a comprehensive dataset
encompassing demographic characteristics, academic history, and socio-economic status, we analyzed
ensemble methods (XGBoost, Random Forest, Gradient Boosting) alongside traditional algorithms. During
data preprocessing, missing values were handled through median imputation and categorical encoding
techniques, while feature importance analysis identified critical predictive factors. Five-fold cross-
validation results demonstrated that the XGBoost algorithm achieved superior performance with 90.1%
test accuracy, with feature importance analysis revealing "previous qualification grade" and "admission
score" as the most determinant factors. The findings substantiate the effectiveness of ensemble methods
in developing early warning systems for educational institutions.

Keywords: Student success prediction, machine learning, XGBoost, educational data mining, comparative
algorithm analysis.

INTRODUCTION

Today's technological advances lead to radical changes in many fields and positively affect
human life. One of the most important reflections of this transformation is seen in the field of
education. One of the innovations offered by technology in education is the use of machine
learning methods in measurement, evaluation and prediction processes. Analyzing students’
academic performance, optimizing educational processes and making predictions for the future
are of great importance in terms of improving the quality of education. Traditional assessment
and evaluation systems cannot fully measure the performance and success of students, nor can
they make predictions about the future.

Machine learning algorithms are frequently used in the evaluation of educational data. Although
extracting meaningful information from the data and making predictions about the future from
that meaningful data are processes that can be done manually, the increase in data and the
increase in diversity make it impossible to evaluate the data manually. Errors are also inevitable.
Machine learning algorithms can quickly analyze millions of data and make evaluations and
predictions (Ulker & Inik, 2017).
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Figure 1 Machine Learning Methods

Machine learning (ML) is a sub-branch of artificial intelligence that enables the development of
algorithms that can make predictions or decisions by extracting meaningful information from
data (Mitchell & Mitchell, 1997). Machine learning methods are divided into three main
categories: supervised learning, unsupervised learning and reinforcement learning, depending
on the learning processes as shown in Figure 1 (Goodfellow, Bengio & Courville, 2016).

Supervised learning is a machine learning method that is trained on datasets with input data and
corresponding labels (Bishop & Nasrabadi, 2006). The model can make predictions on new data
by learning the relationships between input data and labels. Supervised learning methods are
generally used in classification and regression problems.

Unsupervised learning is a method that works on unlabeled data and explores the internal
structure of the data set. In this method, the model performs groupings or dimensionality
reduction by analyzing similarities and relationships in the data. Unsupervised learning is
especially used in tasks such as clustering and dimensionality reduction.

Reinforcement learning is a learning method that enables an agent (learning system) to learn
from experience in an environment based on a specific reward system (Sutton & Barto, 1998).
This method is often used in problems that aim to maximize the long-term reward by
performing a series of actions.

In the literature, many studies have been examined in the field of education using machine
learning methods. In their study, Tosunoglu et al. examined the trends in articles using machine
learning in the field of educational sciences. A total of 201 articles published in the Web of
Science database between 2015 and 2020 were evaluated by content analysis method.
According to the results, 42.9% of the studies consisted of experimental or applied research. The
most frequently used machine learning methods were decision trees with 22.5%, support vector
machines with 17.8% and Naive Bayes with 14.2%. While 35.3% of the samples were
undergraduate students, the most common sample size was between 101-1000 people with
29.7%. 34% of the data was obtained from databases and log records. The study reveals that
machine learning applications in education contribute to the national literature and can guide
future research (Tosunoglu, Yilmaz, Ozeren, & Saglam, 2021).

Diinder and Diinder (2024) compared the performance of machine learning algorithms in
predicting student achievement. The categorical nature of the data sets in the training domain
and the problem of class imbalance were pointed out and the SmoteNC technique was used to
overcome this problem. As a result of the analyses conducted with five different machine
learning algorithms, it was determined that machine learning methods can be successfully
applied to data with limited observations when class imbalance is eliminated. In their study,
Ersozlu et al. (2024) examined the effects of the integration of machine learning methods into
educational research on teaching, learning and assessment processes. Through a systematic
literature review (SLR), 77 studies selected from two large databases with high impact in
educational research were evaluated. According to the results of the analysis, 88% of the studies
used supervised learning methods, with the most common techniques being decision trees,
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support vector machines, random forests and logistic regression. Although semi-supervised
learning methods were used less frequently, successful results were obtained in student
performance prediction. The study provides important findings on the role of machine learning
methods in educational research and develops recommendations for researchers, statisticians
and education policy makers.

Wang et al. (2024) conducted a comprehensive review of the literature in the field of artificial
intelligence in education (AIED), analyzing the main categories of Al applications, research
topics, and methodological approaches. A bibliometric analysis of 2,223 research articles and
content analysis of 125 selected articles revealed that AIED studies have a wide range of
applications such as adaptive learning, personalized instruction, intelligent assessment, student
profiling and prediction. The studies address the technical design of educational systems as well
as the adoption, impacts and challenges of AIED. The study also examines the theoretical
frameworks and interdisciplinary publication trends used in the field of AIED and provides
recommendations for future research.

(2022) examined the potential and challenges of machine learning applications in academic
prediction. They emphasized that algorithms such as K-NN, random forest, bagging, artificial
neural networks (ANN) and Bayesian neural networks (BNN) are effective in predicting student
achievement and learning styles. It is stated that the shortcomings in traditional prediction
methods are largely overcome by artificial intelligence-based machine learning algorithms and
support the decision-making processes of educational stakeholders. However, limitations such
as data collection difficulties, error tendencies and time cost may affect the application of
machine learning in academic prediction processes. The study reveals that machine learning has
significant potential in the field of academic prediction and can enable more informed decisions
in education.

This study aims to create a prediction model for whether university students will continue their
education rather than their performance in the courses they have taken. With the prediction
model created, it is planned to predict students who have potential problems in completing their
undergraduate education early and to continue their education life by providing various social
and psychological support to continue their education. Early prediction and intervention are
very important for ensuring continuity in higher education and for students to be more
successful individuals as undergraduate education. By comparing the machine learning
algorithms used in the study, the algorithms planned to achieve the most success were studied
and the data set was analyzed and compared to increase the success values of these algorithms.
The fact that the study was conducted only in a specific region is a limitation of the study. In the
future, the universal validity of the model can be increased by using data sets obtained from
different regions.

METHOD

In this section, the dataset, machine learning algorithms and analyses that will be used to make
predictions about whether students will continue their undergraduate education are explained.

Dataset

In this study, the dataset obtained from the UCI Machine Learning Repository (University of
California Irvine Machine Learning Repository), which is considered as a reference source in the
field of machine learning, was used. UCI datasets are widely used in academic studies and their
validity is internationally recognized. The dataset used in the study was created from
institutional data (compiled from various databases) of students enrolled in undergraduate
programs at the Polytechnic Institute of Portalegre, Portugal, in 2018-2019. The students in the
dataset include students enrolled in undergraduate programs in agronomy, design, education,
nursing, journalism, management, social work, and technology (Martins, Tolledo, Machado,
Baptista, & Realinho, 2021).
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The dataset consists of 37 attributes belonging to 4424 students. The attributes of the students
consist of Demographic Variables, Socio-Economic Variables, Academic Variables, Achievement
Status Distribution categories, which are shown in detail in Table 1. For missing data in the
dataset, the median value filling method was preferred. This method was preferred primarily to
reduce the effect of extreme outliers and for its simplicity.

Table 1 Attribute Categories

Category. Attributes

Demographic Marital Status, Gender, Age at Enrollment, Nationality, Special Education Needs

Variables

Socio-Economic Application Mode, Application Sequence, Program, Day/Night Study, Previous Education,
Variables Previous Education Grade, Admission Grade, Placement Status, 1st Semester Course

Credits, 1st Semester Enrolled Courses, 1st Semester Assessed Courses, 1st Semester
Passed Courses, 1st Semester Grade Point Average, 1st Semester Unassessed Courses,
2nd Semester Course Credits, 2nd Semester Enrolled Courses, 2nd Semester Assessed
Courses, 2nd Semester Passed Courses, 2nd Semester Grade Point Average, 2nd Semester
Unassessed Courses

Academic Variables Application Mode, Application Sequence, Program, Day/Night Study, Previous Education,
Previous Education Grade, Admission Grade, Placement Status, 1st Semester Course
Credits, 1st Semester Enrolled Courses, 1st Semester Assessed Courses, 1st Semester
Passed Courses, 1st Semester Grade Point Average, 1st Semester Unassessed Courses,
2nd Semester Course Credits, 2nd Semester Enrolled Courses, 2nd Semester Assessed
Courses, 2nd Semester Passed Courses, 2nd Semester Grade Point Average, 2nd Semester
Unassessed Courses

Success Status Students are divided into three categories: Graduation, Relative Success and Failure.
Distribution

Machine Learning Algorithms Used

In this study, 9 different machine learning algorithms were applied to predict student
achievement. The algorithms were selected based on their suitability for the classification
problem, widespread use in the literature, and the possibility of comparative analysis. Machine
Learning Algorithms Used:

Logistic Regression

Logistic regression is a statistical method widely used in classification problems (Hosmer,
Lemeshow, & Sturdivant, 2000). The model estimates the classification probabilities of
independent variables using a logit function. The parameters 3 shown in Equation 1 represent
the model coefficients and X represents the independent variables.

P(y=1[x) =1/ (1 + e"-(Bo+B1Xs+otBuXn)) (1)
Decision Trees

Decision trees create classification rules by successively partitioning the dataset according to
feature values (Quinlan, 1986). As seen in Equation 2, the best partitions are determined using
Entropy or Gini index.

Gini(t) = 1 - Z[p(i|t)]? (2)
Random Forest

This ensemble method, proposed by Breiman (2001), is based on a combination of multiple
decision trees. Each tree is trained on a bootstrap sample and the results are combined by
voting.

Support Vector Machines (SVM)
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SVM, developed by Vapnik (1995), is based on finding the optimal separating hyperplane. As
seen in Equation 3, kernel functions are used to model nonlinear separations.

f(x) = sign(ZayyiK(x;,x) + b) (3)
K-Nearest Neighbor (KNN)

This method, proposed by Cover and Hart (1967), is a heuristic approach that determines the
classification based on the class labels of the nearest neighbor.

Naive Bayes

This method, based on Bayes' theorem, works on the assumption that independent variables are
unconditionally independent (Murphy, 2012).

P(y[x1,...Xn) < P(Y)IIP(xi]y) (4)
Gradient Boosting

This method, developed by Friedman (2001), is based on training weak learners sequentially in
a way that reduces their margin of error.

XGBoost

XGBoost, developed by Chen and Guestrin (2016), is a gradient boosting algorithm augmented
and optimized with regularization mechanisms.

Artificial Neural Networks (MLP)

The multilayer perceptron (MLP) is a basic form of artificial neural network (Bishop &
Nasrabadi, 2006). It performs non-linear transformations between layers using activation
functions.

In total, 9 different MLP algorithms were implemented and their performance was compared.
The grid search method was used for hyperparameter tuning and the optimum parameter
values were determined for each algorithm. Throughout the study, the generalizability
performance of the models was tested with a five-fold cross-validation method.

Model Achievement Criteria

Various metrics are used to evaluate the performance of classification models. These metrics
indicate how accurately the model predicts and how reliable it is. To visualize the performance
of the model, the confusion matrix shown in Table 2 is used. This matrix compares the
predictions of the model with the actual values.

Table 2 Confusion Matrix

Estimate / Actual Positive (1) Negative (0)
Positive (1) True Positive (TP) False Positive (FP)
Negative (0) False Negative (FN) True Negative (TN)

DP values that are predicted positive by the model and are positive in reality. FC values that the
model predicts as positive but are actually negative. Values that the YN model predicts as
negative but are actually positive. Values that the DN model predicts as negative and are actually
negative.

Accuracy-Error Rate

Accuracy is the ratio of correct forecasts to total forecasts. Error rate is the ratio of wrong
forecasts to total forecasts.

Accuracy = (TP + TN) / (TP + FP + FN + TN) (5)
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Error Rate = (FP + FN) / (TP + FP + FN + TN) (6)
Precision
Precision indicates how much of the model's predicted positive values are actually positive.

Precision = TP / (TP + FP) (7)

Recall/Sensitivity

Sensitivity shows how much of the values that are actually positive are predicted to be positive
by the model.

Sensitivity = TP / (TP + FN) (8)
F-Measure

The F1-score is the harmonic mean of precision and sensitivity. It assesses both precision and
sensitivity in a balanced way.

F1-Score =2*(Precision*Sensitivity) / (Precision + Sensitivity) 9)
ROC Curves (Receiver Operating Characteristic Curve)

The ROC curve shows the true positive rate (TP) of the model against the false positive rate (FP)
at different thresholds. The area under the curve (AUC) shows the overall performance of the
model. The closer the AUC value is to 1, the better the model is. The true positive rate (TP) is the
same as the sensitivity. False positive rate is calculated by the formula FP/ (FP+ TN).

RESULTS

In this study, 9 different machine learning algorithms are used to predict whether
undergraduate students will continue their education and their performances are compared.
The dataset includes various characteristics such as demographic information, academic
background and socio-economic status of the students. The target variable is the classification of
students as “Graduated” (1) or “Not Graduated/Continuing” (0). The results shown in Table 3
show the performance of 9 different machine learning algorithms on the 5-fold cross-validation
and test set:

Table 3 Performance Metrics of Machine Learning Algorithms

Model 2?:; ;/ca;idation Average l(;x;:,siz t\i/(a)l:lidation Standard Test Accuracy Rate
XGBoost 0.892 0.012 0.901
Gradient Boosting 0.885 0.011 0.896
Random Forest 0.879 0.013 0.889
LightGBM 0.874 0.014 0.883
Logistic Regression 0.862 0.015 0.871
Artificial Neural Network 0.857 0.016 0.866
Support Vector Machines 0.851 0.017 0.859
K-Nearest Neighbor 0.842 0.018 0.848
Decision Tree 0.831 0.019 0.839
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Model Cross Validation Average Cros's Yalldatlon Standard Test Accuracy Rate
Accuracy Deviation
Gauss Naive Bayes 0.813 0.021 0.824

The classification model of the XGBoost algorithm, which gives the most successful result among
the machine learning algorithms applied to the dataset, is shown in Table 4. In the table,
Precision shows how many of the samples marked as positive by the model are actually positive.
Recall shows how many of the true positives are correctly predicted. F1-Score is the harmonic
mean of precision and recall.

Table 4 XGBoost Algorithm Classification Model

Precision Sensitivity F1-Score
0 091 0.89 0.90
1 0.89 091 0.90

According to these results, the model can predict both graduating and non-graduating students
with high accuracy. The precision values of the model are around 0.90 for both classes,
indicating that the false positive and false negative rates of the model are balanced.

Figure 2 shows the top 10 most important attributes and their importance ratios. According to
these results, “Previous qualification grade” and “Admission score” are the two most important
attributes indicating the student's previous academic performance. This finding shows that the
student's previous academic performance plays a critical role in predicting university success.
Other important characteristics include factors related to age, gender and socio-economic status.
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Figure 2 Top 10 Most Important Attributes and Their Importance

The better performance of ensemble methods such as XGBoost, Gradient Boosting and Random
Forest compared to other algorithms can be explained by their ability to model complex data
structures. In particular, it has been observed that XGBoost creates generalizable models by
preventing overfitting thanks to its regularization techniques and optimization algorithms. This
is explained by the fact that XGBoost increases the generalizability of the model thanks to its
regularization techniques (L1, L2) and resistance to overlearning. Attribute importance was
analyzed to ensure the explainability of the model. Logistic regression, a linear model,
performed very well with a test accuracy of 87.1%, indicating that there are linear relationships
between some features in the dataset and the target variable. The 86.6% test accuracy of the
multilayer perceptron (MLP) model suggests that more complex models may not necessarily
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perform better on this dataset. Gaussian Naive Bayes performed the poorest with a test accuracy
of 82.4%, suggesting that this algorithm's assumption of conditional independence between
features may not be fully valid for the dataset.

RESULTS and DISCUSSION

This comprehensive analysis reveals that ensemble methods, especially XGBoost, outperform
other traditional machine learning algorithms in predicting student success. Academic
background and entrance grades, which the model identifies as the most important features,
stand out as critical factors in student success. The findings suggest that it may be beneficial for
educational institutions to use XGBoost or similar ensemble methods when developing early
warning systems and to develop intervention strategies that take into account students'
previous academic performance. In the next phase of this study, we plan to further improve the
performance of the models using hyperparameter optimization techniques and investigate
alternative feature engineering methods. It is also proposed to analyze the decision-making
processes of the models in more detail using model interpretability techniques.
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