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Karar Agaci ve Kural Tiumevarimi ile Egitsel Veri
Madenciligi: SAU ILITAM Ornegi

Deniz DEMIRCIOGLU DIREN', Mehmet Baris HORZUM?2

Ozet

Bu calisma, karma bir lisans tamamlama programina (ILITAM)
kayit yaptiran ogrencilerin profiline gore, égrencinin basarili
olma ya da terk etme/basarisiz olma durumlarini incelemeyi
amaclamaktadir. Ayrica égrenci verilerine ait degiskenlerin
oznitelik agirliklarina goére égrencinin basarili olma ya da terk
etme/basarisiz olma durumlari Uzerindeki 6nem dereceleri de
ele alinmistir. Arastirma yontemi olarak egitsel veri madenciligi
kapsaminda  kullanilan  CRISP-DM  sdre¢  modelinden
faydalanilmistir. Oznitelik agirliklari ise bilgi kazanimi yéntemi
ile tespit edilmistir. Arastirmanin c¢alisma grubu Sakarya
Universitesi (SAU) lisans tamamlama programina 2013-2016
yillari  arasinda programa  giris yapan ogrencilerden
olusmaktadir. Sistemsel kayitlardan elde edilen veri seti
ogrencinin Universiteye giris bilgilerini icermektedir ve buna
karsilik hedef deger ise 6grencinin Universiteden mezuniyet
basari durumlari yani basarili olma ya da terk etme/basarisiz
olma durumlari ile olusturmustur. Sonuglar hedef degere en
¢ok etki eden parametrenin 6grencinin cinsiyeti oldugunu
gostermektedir. Ayrica en yakin komsu algoritmasi kullanilarak
91.30% tahmin dogrulugu oraniyla bir o6grencinin kayit
yaptirdiginda sahip oldugu genel bilgilerine gére mezuniyet
basari durumlarinin tahmini gergeklestiriimistir. Bu sayede
ogrenciye yonelik planlama yapmak ve énerilerde bulunmak
mumkdn olacaktir. Arastirmada bulgulara yonelik sonug ve
oneriler gelistirilmistir.
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Giris

Veri madenciligi ve makine 6grenme ydntemlerindeki gelismeler ve bu
yontemlerin egitim alanindaki verilerin analizi i¢cin kullanilmasi son
zamanlarda olduk¢a yayginlasmistir. Bu alanda; oznitelik sec¢imi,
gorsellestirme, siniflandirma, tahmin, kimeleme, birliktelik kurallari,
oruntu isleme ve metin madenciligi gibi calisma konulari mevcuttur. Bu
sayede verilerden bilgi ve sonug¢ cikartarak egitimcilere 6grenme
sureclerini gelistirmeleri icin karar almalarina yardimci olmak ve
ogrencilerin de bu bilgileri kullanarak kendilerini gelistirmelerine yol
gostermek hedeflenmektedir. Veri madenciligi, verileri anlama, analiz
etme ve yararl bilgi sekline donusturmeyi amaclayan cok disiplinli bir
yaklasimdir. Diger bir ifade ile buyuk veri tabanlarindan bilgi ve sonug
¢clkarma surecidir. Aranan éruntulere gore veri madenciligi ile 6zetleme,
siniflandirma, kimeleme, iliskilendirme ve trend analizi gibi islemler
gergeklestirilebilir. Siniflandirma, bir nesnenin o6zelliklerine gore sinifini
belirlemeyi sadlamaktadir. Ozetleme, verileri soyutlanmakta ve
genellestirilmektedir. Birliktelik kurallari, degiskenler arasindaki iliskileri
ortaya cikartmaktadir. Kimelemede ise, sinifi bilinmeyen bir dizi
nesnenin tanimlanmasi amaclanmaktadir (Fu, 20T11).

Egitsel Veri Madenciligi uluslararasi egitsel veri madenciligi toplulugu
tarafindan su sekilde tanimlanir: "egitim ortamlarindan gelen benzersiz
veri turlerini kesfetmek icin yontemler gelistirmek ve bu yontemleri
ogrencileri ve icinde o6grendikleri ortamlari daha iyi anlamak icin
kullanmakla ilgilenen, gelismekte olan bir disiplindir" (Educational Data
Mining, 2021). Bu yaklasim c¢ercevesinde, web tabanli kurslar, 6grenme
icerik yonetim sistemleri ve uyarlanabilir akilli web tabanli egitim
sistemlerinin her biri farkl veri kaynaklarina ve bilgi kesfi icin hedeflere
sahiptir (Romero ve Ventura, 2007). Son dénemlerde egitsel veri
madenciligi alaninda cok farkli hedef ve amaclara ydénelik cok sayida
calismalar gerceklestiriimektedir. Bu alandaki calisma konularini
siniflandiran arastirmacilar bulunmaktadir (Bakhshinategh ve digerleri,
2018; Dutt ve digerleri, 2017; Rodrigues ve digerleri, 2018). Bu calismalar
incelendiginde, en temel c¢alisma alanlarinin veri analizi ve
gorsellestirme (Goncgalves ve digerleri, 2017; Pascual-Cid ve digerleri,
2010), 6grenci performansi tahmini (Aghalarova ve Keser, 2021; Miller ve
digerleri, 2015; Moradi ve digerleri, 2014), egitmenler icin geri bildirim
saglama (Wang ve Lin, 2012) ve 6grenci modelleme (Kassim ve digerleri,
2004; Kay, 2000; Moradi ve digerleri, 2014) olarak belirlendigi
goérulmektedir.

Turkiye'deki egitsel veri madenciligi ile ilgili calismalar incelendiginde
ise; verilerin analizi (Ozg¢inar, 2006) 6grenci modelleme (Akgapinar, 2014;
Ers6oz 2017, Kismet, 2018) ve ogrencilerin performansini belirleme
(Aydemir 2017; Polat, 2021; Ozdemir, 2016) gibi konularda lisansUstu
tezler ile karsilasilmaktadir. Ayrica performans tahmini (Baltaci, 2018;
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Baser ve digerleri, 2020; Bilen ve digerleri, 2014, Sengur ve Tekin, 2014),
verilerin analizi (Aydemir, 2019; Keskin ve digerleri, 2019), destekleyici
egitimler icin geri bildirim saglama (Gure ve digerleri, 2020) ile bu
konularda genel anlatim ve literatur taramasi (Arugaslan ve Civril, 2021;
Ozbay, 2015; OztUrk, 2018; Tekin ve Oztekin, 2018; Tosunogdlu ve digerleri,
2021) gibi akademik calismalar mevcuttur.

Bu calismada ise verilerin analizi gerceklestirilip, ogrenci
performanslarinin tahmini incelenerek destekleyici egitmenler icin geri
bildirim saglamak hedeflenmektedir. Bu alanda égrenci performansi ile
ilgili literatUrde yapilmis sistematik alan yazin incelemeleri yol gdsterici
olmustur (Abu Saa ve digerleri, 2019; Hermaliani ve digerleri, 2022;
Namoun ve digerleri, 2020). OJrenci performansi tahmin etme konusu
Uzerine yUz yUze egitim (Bliuc ve digerleri, 2010; Morsy ve Karypis, 2017;
Polyzou ve Karypis, 2016), uzaktan egitim (Bliuc ve digerleri, 2010;
Goncalves ve digerleri, 2017; Howard ve digerleri, 2016) ve karma egitim
(Sorour ve digerleri, 2014, Zacharis, 2016) programlarinda calismalar
mevcuttur.

Bu verilerin islenmesi, analiz edilmesi ve modellenmesi ile
arastirmacilara yol gosterici sonuclar elde edilebilmektedir. Gelistirilen
modeller uzaktan egitimin uygulama alanin genis olmasindan dolayi
yaygin etkiye sahip olma potansiyeli tasimaktadir. Bu calismada
Sakarya Universitesi (SAU) karma égrenme programlarindan biri olan
llahiyat lisans tamamlama (ILITAM) 6&grencilerinin verileri ele
alinmaktadir. iLITAM programi ilk olarak 2005 yilinin Ekim ayinda karma
dgrenme yontemi ile Ankara Universitesinde baslatimis ve
Turkiye'deki farkli  Universitelerde yurutulmeye baslanmistir. Bu
program, on lisans programi mezunlarinin lisans mezunu olabilmeleri
icin iki yillik egitim &gretim programini tamamlamalarini temel
almaktadir. Alanyazinda ILITAM programi ile ilgili yapilan calismalar su
sekilde kategorilere ayrilabilmektedir;

1. OJretim elemanlarinin ve éJrencilerin karma ya da uzaktan egitim
programlarindaki sureclere yénelik algilarini belirlemeyi hedefleyen
calismalar (Arslan ve Korkmaz, 2019; Gen¢ ve Ayhan, 20271,
GUumrukcuoglu ve Geng, 2020; Kablan, 2020; Karateke, 2020;
Kaymakcan ve digerleri, 2013)

2. Programin etkinligini belirlemeyi hedefleyen calismalar (Imran ve
digerleri, 2019)

3. Programdaki mufredatta kullanilan materyal ve ders isleyis tarzinin
uzaktan egitim modeline uygunlugu, zorluklari ya da yasanan
sikintilara yénelik calismalar (Akaslan, 2020; Dag, 2013)

ILITAM ile ilgili yukarida ifade edilen calismalarda genellikle nitel ve
nicel yoéntemler kullanilarak betimsel ve vaka c¢alismalarinin
gerceklestirildigi gérulmustar. Bu alanda yapilmis calismalarda daha
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cok istatistiksel analizler kullanilmis olup veri madenciligi ve makine
ogrenme uygulamalarina rastlanmamistir. Bu ydnuyle bu calismanin
ILITAM ve karma dgrenme dgrencileri verilerini ele almasi baglaminda
guncelligi bulunmaktadir. Ayrica egitsel veri madenciligi alanindaki
literatUr arastirmasinda gorulmuastar ki calismalar  genellikle
algoritmalarin tahmin dogruluklarina ve kumelemeye odaklanmistir.
Ancak bu yapilirken veri boyutlulugu, sinif dengesizligi, siniflandirma
hatasi gibi problemler dikkate alinmamistir (Imran ve digerleri, 2019).
Ayrica kullanilan makine 6grenme algoritmalarinin parametreleri icin
bazi calismalarda programin varsayilan degerleri kullanilirken bazi
calismalarda ise bu degerler sezgisel olarak arastirmaci tarafindan
belirlenmektedir. Bu calismada diger calismalardan farkh olarak sinif
dengesizligini ¢cézUmlemek icin degiskenler kategorilestirilmis ve
SMOTE yéntemi (Chawla ve digerleri, 2002) kullaniimistir. Ayrica detayli
bir veri temizleme ve on isleme adimi gercgeklestirilerek kullanilan
algoritmalarin parametre secimi icin hiper parametre (grid search)
optimizasyonu kullaniimistir. Bunun yani sira ¢alismada algoritmalarin
parametrelerini optimize etmenin yani sira égrenci mezuniyet basari
tahmin modelinde  kullanilacak  uygun makine  ogrenimi
algoritmalarinin  dogru sekilde secilmesi ve basariya etki eden
degiskenlerin 6nem sirasinin belirlenmesi hedeflenmektedir. Tahmin
modeli basarili olma ya da terk etme/basarisiz olma durumlari olmak
Uzere iki siniftan olusmaktadir. Basarili sinifi programdan basari ile
mezun olan o6grencileri, basarisiz sinifl ise programi basarisiz olarak terk
eden ve okuldan atilan &égrencileri temsil etmektedir. Bu yoénuyle
arastirma asagidaki sorulara cevap bulma amaciyla gerceklestirilmistir:

1. ILITAM programinda basarili olma ya da terk etme/basarisiz olma
durumlarina etki eden degiskenlerin 6nem siralamasi nedir?

2. ILITAM programina yeni kayit yaptiran bir 6grencinin basarili olma ya
da terk etme/basarisiz olma durumlarinin egitsel veri madenciligi
teknikleri ile tahmin dogrulugu nedir?

3. Veri on isleme adimlarinin tahmin dogruluguna katkisi nedir?

4. ILITAM programindan basarili olma ya da terk etme/basarisiz olma
durumlari ile bu durumlara etki eden degiskenler arasinda nasil iliskiler
ve kurallar vardir?

Yontem

Arastirmada ydntem olarak egitsel veri madenciligi kapsaminda
kullanilan (Chapman ve digerleri, 2000) CRISP-DM sure¢ modelinden
faydalaniimistir. Calismmada SAU ilahiyat Lisans Tamamlama karma
ogrenme programindaki égrencilerin Universite genel bilgilerine gore
basarili olma ya da terk etme/basarisiz olma durumlarinin tahmin
edilmesi ve bu durumu en cok etkileyen degiskenlerin tespit edilmesi
hedeflenmistir. Bunun yaninda girdi bilgileri ile basari durumu
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arasindaki iliskiler belirlenmis ve programa yeni kayit yaptiran
ogrencinin olasi basari ya da basarisizligini tahmini gerceklestirilmistir.
Girdi degiskenlerinin sonucu ne sekilde etkiledigini tespit etmek icin
oznitelik agirliklar ydntemi, égrencilerin basari durumlarinin tahmini
icin ise temel makine &grenme algoritmalari kullaniimistir.
Ogrencilerin basarili olma ya da terk etme/basarisiz olma durumlari ile
degiskenler arasindaki iliskilerin belirlenmesi icin kural ve agac¢ yapisi
mantigiile calisan kural tumevarim (induksiyon) yontemi kullaniimistir.

1999 yilinda bir projede ortaya cikartiimis olan CRISP-DM sure¢ modeli,
veri madenciligi projelerini daha az maliyetli, daha guvenilir, daha
tekrarlanabilir, daha yonetilebilir ve daha hizli sonug¢ Uretir hale
getirmeyi amaclamaktadir. Sure¢, Tablo Tde sunulan 6 adimdan
olusmaktadir (Wirth ve Hipp, 2000).

Tablo 1
CRISP-DM Modelinin Bilesenleri

Problemi Tanima Veriyi Anlama Veri Onislemeve Modelleme Dederlendirme Dagitim

Hazirlama
Problemin Veri kalitesini  Veriyi secmek Modelleme Modeli Dagitim
hedeflerini dogrulamak teknigini degerlendirmek  plani
belirlemek secmek
Problemi Verileri Veriyi temizlemek Test tasarimini  SUreci gdzden Plan
dederlendirmek  tanimlamak gelistirmek gecirmek izleme ve
bakim
Veri madenciligi Verileri Veriyi olusturmak Model kurmak Nihai rapor
hedeflerini kesfetmek Uretmek
belirlemek
Proje plani Verileri Verileri entegre Modeli Projeyi
Uretmek toplamak etmek ve dederlendirmek gozden
bicimlendirmek gecirmek

Problemi Tanima

Uzaktan egitimde yuz yuze egitimde oldugu gibi 6Jrencilerle temas
halinde olup goézlemleme sansi biraz daha dusuktur. Bu nedenle
uzaktan egitim &grencilerinin 6zellik ve davranislarini inceleyerek
degerlendirmek, &grenme-6gretme surecleri icin  buyUk fayda
saglamaktadir. Uzaktan egitimdeki 6grencilerin basarisini etkileyen en
onemli degiskenlerin belirlenmesi ve 6grencilerin gelecekteki basarili
olma ya da terk etme/basarisiz olma durumlarinin belirlenmesi dnemli
bir problemdir. Calismada bu problemlere odaklaniimistir.

Veriyi Anlama

Calismada kullanilan veri seti Sakarya Universitesi ILITAM programinda
2013-2016 yillari arasinda giris yapan ogrencilere ait veriler icermektedir.
Veri seti iki veri tabanindan toplanarak bir araya getirilmistir. Verilerin
bir kismi &égrenci isleri veri tabanindan (VT-1) elde edilen 6grenci profil
bilgileri ve OSYM verileri, bir kismi da SAU Bilgi Sisteminden (VT-2) elde
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edilen basari durumlarindan olusmaktadir. iki veri tabanindaki bilgiler
ogrenci numaralari temel alinarak eslestirilip butunlestirilecek ve
ardindan analiz edilecektir. Calisma ile ilgili etik onay, Sakarya
Universitesi Etik Kurulu’nun 01/10/2021 tarihli 38 sayili 57 nolu karari ile
alinan izin cercevesinde yUrUtulmustur. OJrencilere ait degiskenler ile
bu degiskenlerin aciklamalari Tablo 2'de sunulmaktadir.

Calismada sonuc¢ degerini belirten hedef/cikti dediskenin tahmin
edilmesi amaclanmaktadir. Bu degisken basarili ve basarisiz olarak
kodlanmistir. Basarili kategorisi programdan basari ile mezun olan
ogrencileri, basarisiz kategorisi ise programi basarisiz olarak terk eden
ve okuldan atilan 6grencileri icermektedir.

Tablo 2

Veri Onisleme Yapilmadan Olusturulan llk Veri Seti
Degisken AdI Degisken Tanim Veri Tabani
Ogrenci Numarasi Ogrencinin Numarasi VT-1, VT-2
Dogumili Ogrencinin dogum Yili VT-1
Cinsiyet Ogrencinin cinsiyeti VT-1
MezuniyetVYili Liseden mezun oldugu sene VT-1
YerlesmeKulPuan OSYM puani VT-1
TercihSirasi Girdigi Bo6lum Tercih Sirasi VT-1
OgretimVili Hangi 6gretim yilinda yerlestigi | VT-1
EnumOsymYerlesme Yerlestirme turu VT-1
Arsiv Bilgi Basari durumu VT-2

Veri Onisleme ve Hazirlama

Veri seti ile calisirken dogru analiz sonuclari, tahmin ve iliskilere
ulasmak icin ilk olarak problemi iyi tanimak ve incelenen veri setinin
icerdigi verilerin duzgun ve anlasilir olmasini saglamak gerekmektedir.
Bunun icin veri dnisleme sureci gerceklestirimektedir. Bu c¢alismada
gerceklestirilen veri dnisleme sureci, veri butunlestirme, temizleme,
donusturme ve azaltma islemlerinden olusmaktadir. Veri on isleme ve
hazirlama islemleri Rapidminer 9.10.011 programi araciligiyla
gerceklestiriimistir.

Calismada ilk olarak iki ayri veri tabanindaki veri setleri birlestirilerek
butunlestirilmistir. Veri setinin girdi degerleri ile hedef degeri yani
ogrencinin basari durumu farkli veri tabanlarinda bulunmaktadir. VT-T
de bulunan veriler, égrencinin Universiteye giris ile ilgili genel
ozellikleriniicerirken VT-2' de bulunan veriler ise 6grencilerin mezuniyet
durumlarini icermektedir. Giris bilgileri icin 3472 &grenciye ait veri
bulunmaktayken, basarili olma ya da terk etme/basarisiz olma
durumlari gibi arsiv bilgileri icin 2189 6grenciye ait veri bulunmaktadir.
Veri setlerinin eslestirme islemi, arsiv bilgisi veri seti temel alinarak
gerceklestirilmistir. Burada 6grenci numaralari iki veri seti icin anahtar
alan olarak kullaniimistir. Eslestirme sonucunda 2189 adet é6grenciye ait
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butunlesik yapida bir veri seti elde edilmistir. Veri on islemenin ikinci
adiminda veri setindeki eksik, hatal, tekrarli ve aykiri degerler
incelenmistir. Bu asamada égrenci numarasi bilgisine gére 9 6grenci
verisinin tekrarh oldugu tespit edilerek veri setinden cikartiimistir. 165
ogrencinin dogum yili, cinsiyet, yerlesme puani, girdigi bélum tercih
sirasl, kontenjan ve ogretim yili gibi bilgilerinde eksik kayitlar oldugu
icin veri setinden cikartilmistir. Bunlarin yaninda 782 ogrencinin
kontenjan bilgisi hatali olarak kaydedilmis, 12 6grencinin ise mezuniyet
bilgisi hatali olarak kaydedilmis bunlar yorumlanamaz bir durum
oldugu icin veri setinden cikartilmistir. Arsiv. durumlarindan olusan
hedef degerde ise bir kisinin vefat ettigi icin programi terk ettigi bilgisi
bulunmaktadir. Bu nedenle bu 6égrenci de veri setinden cikartiimistir.
Tum bu temizleme islemleri sonucunda 1220 égrenci verisini iceren bir
veri seti elde edilmistir. Ayrica tum degiskenler kutu grafigi ydntemi ile
analiz edilmistir ve veri setinde aykiri deger tespit edilmemistir.

Veri setindeki bazi degiskenler mevcut hali ile degerlendirme ve
yorumlama acisindan  uygun gorulmemektedir. Dogum  yili
degiskeninden Universiteye giris yasini hesaplamak icin 6gretim yili ile
dogum yili farki alinmistir. Bu sekilde “yas” adinda yeni bir nitelik
olusturulmustur. Ogrencilerin liseden mezun olduktan kac¢ yil sonra
universiteye yerlestiginin  basari  durumu  Uzerindeki  etkisini
inceleyebilmek icin Universite 6gretim yilindan lise mezuniyet yili farki
alinarak “Universiteye baslama yili” degiskeni elde edilmistir. Ayrica
bélume yerlesme puanini degerlendirirken her sene farkli taban ve
tavan puanlar her sene farkli oldugu icin puanlar farkl araliklarda
olabilmektedir. Bunun icin giris puaninda z ve t donusumleri yapilarak
puanlar ortak bir dedere cekilmistir. Universite 6Jrenci numarasi
kodlamasinda son U¢ hane 6grencinin bdlume giris siralamasini temsil
etmektedir. Bu nedenle “giris sirasi” degiskeni &grenci numarasi
kullanilarak dénusturulmustur. Tercih sirasi degiskeni daha anlamli
hale getirmek icin kategorilestiriimistir. Anlamli degiskenler elde
edebilmekicin bu degiskenlerde Tablo 3’ de sunulan donusum islemleri
gerceklestiriimistir.

Tablo 3

Veri DénUsum Islemleri

Eski degisken DoNUsum islemi Yeni Degisken
Ogrenim Yili-Dogum Yili Nitelik Olusturma Yas

Ogrenim Yili-Mezuniyet Nitelik Olusturma Universiteye
Yih baslama yili
YerlesmeKulPuan Normalizasyon Puan

Ogrenci numarasi Nitelik Olusturma Giris Sirasi
Tercih Sirasi Ayriklastirma Sira
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Veri onisleme sonucunda 1220 adet &grenci verisi icin Tablo 4" deki
degiskenler elde edilmistir.

Tablo 4
Veri Seti-Ozellikler
Ozellik Tanim TUrG Deger
Yas Ogrencinin Universiteye girisyasl  Surekli 19-57
Cinsiyet Ogrenci cinsiyeti Nominal Kiz-Erkek
Universiteye Lise sonrasi programa kag yilda Surekli 0-22
baslama yili yerlestigi
Puan Yerlesme Puani Surekli 34,73~
107,93
TercihSira Yerlestigi program kacginci tercih Nominal 1-3, 4-6,
7+
EnumOsymYerle ilk yerlesme, ek yerlesme Nominal 1,2
sme
GirisSirasi Ogrencinin bélume giris Surekli 1-599
siralamasi
BasariDurumu Bolumden mezun olma durumu Nominal Basaril,
Basarisiz

Verilerin analiz icin hazirlanmasindaki bir diger asama ise, veri setindeki
siniflarin denge durumunun incelenmesidir. Veri setindeki siniflarin
yaklasik olarak esit sayida veri icermesi tercih edilmelidir aksi durumda
veri seti dengesiz olarak nitelendirilmektedir. Bu dengesizlik cogunluk
sinifin yuksek dogruluklarla, azinlik sinifinin ise dusuk dogruluklarla
tahmin edilmesine neden olmaktadir. Sonug olarak bu durumda genel
dogruluk orani ile yorum yapilmasi yaniltici olabilir. Sinif dengesizligini
cozumlemek icin uygunluga goére, birbirine yakin siniflar birlestirilebilir,
yogun olan sinifa ceza puani uygulanabilir ya da sentetik veri Uretimi ile
yeniden dérnekleme yapilabilir (Chawla, 2005; Longadge ve Dongre, 2013;
Romero ve digerleri, 2008). Yeniden ornekleme icin yaygin olarak
kullanilan bir ydntem Sentetik Azinlik Asiri Ornekleme (SMOTE)
yontemidir. SMOTE teknigi azinlik sinifindaki veri sayisini ¢cogaltma
prensibini temel alir ve iki benzer 6rnegin dogrusal kombinasyonlarini
hesaplayarak islem yapmaktadir (Chawla ve digerleri, 2002). Veri
dénusumu sureci sonucunda elde edilen veri setinde temel etiket analizi
yapilmistir. Hedef degiskeninde basarili kategorisinden 1138 adet 6rnek
varken basarisiz kategorisinden 82 6rnek adet 6rnek bulundugu
gorulmustur. Veri setine SMOTE yontemi uygulanarak basarisiz
kategorisindeki &ornek sayisi basarili kategorisindeki 6rnek sayisina
esitlenmistir. Bunun sonucunda 2276 adet érnek elde edilmistir.

Oznitelik Agirliklari

Bilgi kazanimi, 6zniteliklerin yani degiskenlerin agirhgini belirlemek icin
kullanilan populer bir filtre modeli ve teknigidir (Prasetiyowati ve
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digerleri, 2021; Sokkhey ve Okazaki, 2020). Her bir 6zniteligin hedef deger
Uzerinde ne kadar etkiye sahip oldugunu gérmeyi saglayan bu yontem
egitim alaninda da kullanilmaktadir (Cifci ve digerleri 2018). Calismada
ogrenci basarisina etki eden degiskenlerin agirliklar bilgi kazanimi
yontemi ile elde edilmistir.

Calismada oznitelik agirliklari ve diger tum analizlerin uygulamasi
Rapidminer Studio 9.10.011 programi ile gerceklestirilmistir. Ozniteliklerin
agirliklarina gore incelendiginde, sonu¢ degiskenine en ¢cok etki eden ve
en belirleyici olan degisken 0,095 degderi ile “Cinsiyet” degiskenidir. ikinci
sirada ise 0,038 degeri ile “Universiteye baslama yili" degiskeni yer
almaktadir. Ardindan 0,029 degeri ile “Puan”, 0,023 degeri ile “Yas”, 0,008
degeri ile "“GirisSiras” ve 0,004 degeri ile “TercihSira” degiskenleri
gelmektedir. Sonuca en az etki eden degisken ise 6grencilerin asil ya da
yedek olarak yerlestigini belirten “EnumOsymYerlesme” degiskeni
olarak elde edilmistir. Ozniteliklerin siralamasi ise Sekil de gésterildigi
gibidir.

Sekil 1
Oznitelik agirliklari

EnumOsymYerlesme
Tercih Sirasi |1l
Girig Sirasi  |_—
Yas I
Puan I
Universiyete Baglama Yili I
|

Cinsiyet

o

0,01 002 003 004 005 006 007 008 009 01

Modelleme

Calismada 6grenme yontemi olarak k-kat ¢capraz dogrulama yéntemi
kullaniimistir. Bu yontemde, verilerin bir parcasi test yani dogrulama
diger parcalariise egitim icin kullaniimaktadir. Yontem ilk parcanin test
diger parcalarin egitim verisi olarak ele alinmasi ile baslar ve model
calistirihir ardindan ikinci parca test digerleri egitim verisi olarak ele
alinir. Tum parcalar test verisi olarak degerlendirildiginde surec
tamamlanmis olmaktadir. Elde edilen tum dogruluklarin ortalamasiyla
genel dogruluk elde edilmektedir (Refaeilzadeh ve digerleri, 2009).

Calismada kullanilan algoritmalarin parametreleriise grid optimizasyon
teknigi kullanilarak belirlenmisken gelistirilen tahmin modellerinin
egitim asamasl k-kat capraz dogrulama ile gerceklestiriimistir.
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Uygulanan optimizasyon ve egitim modelleri Sekil 2 (a) ve Sekil 2 (b)'de
gorulmektedir.

Sekil 2 (a) Sekil 2 (b)
Optimizasyon modeli k-kat capraz dogrulama
Process Process
Process » p L =R 4G ) Process » Optimize Parameters (Grid) » ICHFCEENT I - @
d 5 e vr'D" " Cross Validation
! k (-8 o g =P
o o
o w
ou]) per )
aul) perl)
L v

Calismada ogrenci performansinin tahmin edilmesi icin en temel
makine &6grenme algoritmalarindan; karar agaci, k-en yakin komsu,
naive bayes algoritmalart ve iliski kurallarini ¢ikartmak icin kural
cikarimi kullaniimistir.

Karar Agaci (KA)

KA, diger algoritmalara goére daha yaygin kullanilan hem nominal hem
de sayisal degiskenleri kabul eden bir ydntemdir. Algoritmanin
uygulama adimlari veri setini alt bolumlere ayirarak agag yapisina gore
ilerler. Surec kdkten baslar ve ara dugumden devam ederek yaprak
dugume kadar dallanir, yapraklar ise siniflari olusturur. Yorumlanmasi
ve anlasilmasi kolay olan algoritmada EGCER-ISE  kurallari
olusturulmaktadir (Bilgin, 2018; Mitchell, 1997). K&k dugumun hangi
degisken olacagini belirlemek icin bazi kriterler mevuttur. Bunlar, bilgi
kazancl, gini indeksi ve kazang oranidir. Bu kriter algoritmanin ¢alisma
performansina gore secilebilir (Maimon ve Rokach, 2005).

Calismada Sekil 3’ te gdéruldugu gibi klasik karar agaci kullaniimistir.
RapidMiner' da bulunan karar agaci égrenicisi, Quinlan'in C4.5 veya
CART'Ina (Quinlan, 1986) benzer sekilde ¢calismaktadir.

Sekil 3
Klasik Karar Agaci Modeli

Process

) Process » Optimize Parameters (Grid) » Cross Validation » CIO ER i @ W [
A
Decision Tree Apply Model
v mod [) mod &y mod @ g 1ab )
’ ean the L} unl ¢ modD
wei D thr thr v
v thr
Performance
C] lab % pPrD
(] per ean
v
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Grid optimizasyon kullanilarak elde edilen parametre sonuclari Tablo
5'de sunulmaktadir. Egitim asamasinda kullanilan k-kat c¢apraz
dogrulama yonteminin k degeri 1-10 arasinda, érnekleme turu ise doért
farkli ornekleme turu degisecek sekilde optimizasyon teknidi ile
incelenmistir. Bununla birlikte karar agacinin kok dugum ve derinlik
parametreleri de eszamanli olarak 144 iterasyon sonucunda
optimizasyon teknigi ile belirlenmistir.

Tablo 5

KA Parametreleri
Parametre Deger
k-kat capraz dogrulama k sayisi 10
k-kat capraz dogrulama ornekleme turu Rastgele
Karar agaci kok dugum kriteri Gini_index

K-en Yakin Komsu (K-NN)

En yakin komsu algoritmasinin calisma prensibi oldukca kolaydir.
Kullanici tarafindan belirlenen komsu sayisina gore secim yapilarak o
komsulara benzerliklere goére yeni érnegin atamasi yapilir. Bu basit
calisma sekline ragmen algoritma oldukc¢a etkilidir (Han ve digerleri,
2011). Ancak siniflandirma asamasi biraz yavas ilerlemektedir ve eksik
veri oldugunda ilave islemler gerekmektedir (Lantz, 2019). En yakin
komsuyu tespit ederken iki 6rnek arasindaki benzerlik élculmektedir.
Bu mesafeyi hesaplamak icin Oklid, Manhattan ve Minkowski uzakhdi
kullanilabilmektedir (Bilgin, 2018).

Calismada K-NN temelli olarak uygulanan tahmin modeli Sekil 4’ de
sunulmaktadir.

Sekil 4
K-NN Modeli
Process
() Process » Optimize Parameters (Grid) » Cross Validation » ol e 2 P s @ W
A
k-NN Apply Model
i} (] tra mod mod L (:] mad lab
‘ exa thr ins G unl o mod
v thr thr v
thr
(] lab % perD
q per EKdD
v

K-NN modelinin egitimi icin kullanilan parametreler, en yakin komsu
sayisinl temsil eden k sayisi ve benzerlik olculeri icin 484 iterasyon
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sonucunda optimizasyon ile elde edilen parametre degerleri Tablo 6’ da
sunulmustur.

Tablo 6
K-NN Parametreleri
Parametre Deder
k-kat capraz dogrulama k sayisi 71
k-kat capraz dogrulama ornekleme turu Rastgele
K-NN k sayisi 1
Benzerlik tlru Karma Olcum
Benzerlik élcUsu Karma Oklid Uzakligi
Naive Bayes (NB)

Ogrenme algoritmalarinin arasindaki en pratik ydntemlerden biri olan
Bayesci yaklasim, &nceki varsayim olasiligini, verilerin goérulme
olasiliklarini ve gézlemlenen verileri temel alarak bir hipotezin olasiligini
hesaplamaktadir (Mitchell, 1997). Bayes yaklasimini temel alan NB her
ciktinin gérulme sikhgini ve bagimsiz degiskenler ile bagiml degisken
kombinasyonunun kag kere goruldugunu incelemektedir (Bilgin, 2018).
NB yonteminde bir varligin belirli bir sinifa ne kadar iyi uydugu
degerlendirilmektedir. Bunun i¢in de uUstunluk (odds) degeri temel
alinmaktadir. UstUnlUk degeri, bir varligin bir hedef sinifa ait olma
olasiliginin o sinifa ait olmama olasiligina oranidir (Byeon, 2022).

Calismada kullanilan NB temelli tahmin modeli Sekil 5 de
sunulmaktadir.

.
Sekil 5
NB Modeli
Process
) Process » Optimize Parameters (Grid) » Cross Validation » o z B . @ o [
Naive Bayes Apply Model
ra ra mod [) mod 4 g med @ mog 1ab [) tes
®  ea)) thr fes unl * mod) per
v thr thr v per
thr
Performance
(| lab % pc.D
 per exal)
v

NB algoritmasi icin kullanilan tek parametre laplace korelasyonudur.
Bunun disinda k-kat capraz dogrulama ile ilgili parametre secimi
yapilmistir. 88 iterasyon sonucunda optimizasyon yontemi ile elde
edilen parametre degerleri Tablo 7' de sunulmustur.
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Tablo 7

Ornekleme Tdrtne Gére NB Dogruluk Degerleri
Parametre Deger
k-kat capraz dogrulama k sayisi 2
k-kat capraz dogrulama ornekleme turu Rastgele
Laplace korelasyon Yok

Kural Timevarimi

Kural tumevarim (rule induction) yonteminde daha az yaygin olan
siniflardan baslayarak, algoritma yinelemeli olarak buyumekte ve hicbir
pozitif érnek kalmayana veya hata orani %50 'den fazla olana kadar
kurallari budama islemi devam etmektedir. Buyume asamasinda, her
kural icin, her bir 6zelligin olasi her degerini deneyerek en yuksek bilgi
kazancina sahip kosul secilmektedir. Sonucta elde edilen kurallar ile
verideki degerlerin kolay  anlasilabilir bilgiye donusmesi
saglanmaktadir. Bilimsel olarak modeli temsil edebilecegi gibi kismen
de aciklama yapabilir. Her ne kadar KA algoritmasina benzetilse de
buyuk egitim verisinde kismen koétu ¢alisma dezavantaji disinda karar
kurallarinin anlasilmasi ve yorumlanmasi karar agaclarina gére daha
kolaydir (Rapidminer, Rule Induction, 2020).

Calismada uygulanan kural timevarimi Sekil 6' da sunulmaktadir.

Sekil 6
Kural TUmevarim
Process

0 Process » Optimize Parameters (Grid) »

Rule Induction Apply Model

a mod [ € mod tab )
¥ oeal) Qun * mad])
v v

Performance

ab per [}
% per % exal)
v

Kural tUmevarimi icin optimizasyon yoéntemi ile elde edilen
parametreler Tablo 8 de sunulmaktadir.

Tablo 8

Kural Cikarimi Parametre Degerleri
Parametre Deger
Kural ¢cikarimi kriteri Dogruluk
Kural ¢cikarimi érnek orani 1
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Degerlendirme

Veri madenciligi problemlerinde modelin basarisi veri on isleme,
parametre secimi ve test kumesinin belirlenmesi faaliyetlerine baghdir.
Bu adimlarin ne kadar dogru sekilde gerceklestigi ve uygulayici icin
kabul edilebilir bir duzeyde basari elde edilip edilmediginin belirlendigi
kisim degerlendirme asamasidir. Siniflandirma problemlerinde tahmin
basarisinin olculmesi icin dogruluk kriteri ile ilgili dlcUmler yapilmalidir.
Bunlar; dogruluk orani, duyarlilik, kesinlik, F élcutu ve kappa olarak
sayilabilir. Bu kriterlerden bir ya da birkac¢l ihtiyaca ve problemin
gerekliligine gore secilebilmektedir.

Calismada algoritmalar dogruluk, duyarlilik, kesinlik ve kappa istatistik
kritelerine gére degerlendirilmistir. Dogruluklarin elde edildigi hata
matrisi Tablo 9" da yer almaktadir. Matriste sutunlar gercek degerleri,
satirlar ise tahmin degerlerini ifade etmektedir (Bilgin, 2018).

Tablo 9
Hata Matrisi
Gergek Basarili Sinif  Gergek Basarisiz Sinif
Tahmin Basarih Sinif GI YO
Tahmin Basarisiz Sinif Y1 GO
Burada;

G1: test kUmesindeki dogru siniflandirilan basarili érnek sayisi,

GO: test kUmesindeki dogru siniflandirilan basarisiz 6rnek sayisi,

Y1: test kUmesindeki yanlis siniflandirilan basarili érnek sayisi,

YO: test kumesindeki yanlis siniflandirilan basarisiz érnek sayisi
olarak ifade edilmektedir.

Yapilan analizler sonucunda elde edilen sonuclar Tablo 10'da
sunulmustur.

Tablo 10

Algoritma Sonuclari
Algoritma Dogruluk Duyarlhhk Kesinlik Kappa
KA %87,04 %87,04 %87,59 0,740
NB %64,50 %64,49 %67,62 0,290
K-NN %91,30 %91,46 %92,11 0,824

Basari durumu tahmini i¢cin KA, NB ve K-NN olmak Uzere U¢ algoritma
secilmistir. Tablo 10 incelendiginde K-NN algoritmasinin  %91,30
dogruluk, %91,46 duyarlilik, %92,11 kesinlik ve 0,824 kappa istatistigi
degeri ile en basarili tahmin degerlerine ulastigi gorulmektedir.
Ardindan %87,04 dogruluk, %87,04 duyarhlik, %87,59 kesinlik ve 0,740
kappa istatistigi degeri ile KA algoritmasi gelmektedir. Tahmin
degerleri en dusuk olan algoritma ise %64,50 dogruluk, %64,49
duyarlilik, %67,62 kesinlik ve 0,29 kappa istatistigi degeri ile NB
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algoritmasi oldugu soylenebilmektedir. Bu nedenle calismada tahmin
modeli icin en uygun siniflandirma algoritmasinin K-NN algoritmasi
oldugu sdylenebilmektedir.

Dagitim

Bu asamada uygulama sonucunda elde edilen iliski kurallarina gore
politikalar gelistirilerek egitmen ve yodneticilere yol gobsterilmesi
amaclanmaktadir. Verilere gore gelistirilen politikalarin egitim-ogretim
sistemleriyle butunlestirilmesi, sureclerin iyilestiriimesi ve daha basarili
toplumlara ulasiimasini saglayacaktir.

Bulgular

SAU ILITAM &grencilerinin genel bilgileri ve 6grencinin basarili olma ya
da terk etme/basarisiz olma durumlari ile ilgili gerceklestirilen calisma
kapsaminda dort farkli arastirma sorusu mevcuttur.

Bunlar;

a) Arastirma Sorusu 1: iLITAM programinda basarili olma ya da terk
etme/basarisiz olma durumlarina etki eden degiskenlerin 6nem
siralamasi nedir?

Ozniteliklerin etki agirliklariicin bilgi kazanimi algoritmasi kullaniimistir.
Oznitelik adirliklandirma sonucu olarak; en cok etki eden ve en
belirleyici olan degisken “Cinsiyet” degiskeni olarak bulunmustur. ikinci
sirada etki eden degisken ise 0,038 degeri ile “Universiteye baslama yili”
degiskenidir. Ardindan sirasiyla “Puan”, “Yas”, “GirisSirasi” ve “TercihSira”
degiskenleri gelmektedir. Sonuca en az etki eden degisken ise
ogrencilerin  asil ya da yedek olarak yerlestigini belirten

“EnumOsymYerlesme” degiskeni olarak elde edilmistir.

b) Arastirma Sorusu 2: ILITAM programina yeni kayit yaptiran bir
égrencinin basarili olma ya da terk etme/basarisiz olma durumlarinin
egitsel veri madenciligi teknikleri ile tahmin edilme dogrulugu nedir?

Bir 6grenme algoritmasinin maliyet ve ¢6zUm sUresinin yanindaki en
onemli kriterlerinden biri de ¢6zUm ve tahmin dogrulugudur. Tahmin
dogruluklari algoritmalarin performansina, verinin uygunluguna ve
kullanilan parametrelere gore degismektedir. Ancak bu yuksek tahmin
dogruluklarinin g6z ardi edilmesine sebep olabilmektedir. Calismada
bu sorunun o6onune gecebilmek i¢cin parametre optimizasyon
tekniklerinden yararlaniimistir. Ayrica tahmin dogruluklari i¢cin en eski
ve temel algoritmalardan olan ve calismalarda siklikla kullanilan (Akram
ve digerleri, 2019; Durairaj ve Vijitha, 2014; Rojanavasu, 2019) KA, K-NN ve
NB algoritmalari kullaniimistir. Algoritmalarin tahmin basarisi ise,
dogruluk, kesinlik, duyarlilik ve kappa olcutune gore degerlendirilmistir.

108



PAUEFD 61, 94-120 https://doi.org/10.9779/pauefd. 1085483

Sekil 6'da sunulan sonuglara gdre; Uc¢ algoritma arasindan en basarili
tahmin degerlerine ulasan siniflandirma algoritmasi K-NN algoritmasi
ile elde edilmektedir. Ardindan KA algoritmasi gelmektedir ve en dusuk
basari oranina sahip algoritma ise NB algoritmasi olarak gorulmektedir.
Sonuclara gére problem icin uygun olan siniflandirma modelinin K-NN
algoritmasi ile gelistirilen model oldugu soéylenebilmektedir.

Sekil 6
Tahmin Performans Sonuclari
87,04 87,59

90
91,46 92,11
80 |
70
60
50
40
0,82 l 0,74
0
K-NN KA

m Dogruluk mDuyarlhilik m Kesinlik Kappa

64,49 67,62

i 0.29
NB

c) Arastirma Sorusu 3: Veri 6n isleme adimlarinin tahmin dogruluguna
katkisi nedir?

w
o

N
=]

=
o

Veri énisleme adimlari uygulanmadan dnce veri seti 1289 6grenciye ait
deger icermektedir. Veri 6n temizleme adimlari uygulandiktan sonra
ise 1220 ogrenciye ait deger ile analizler yapilmistir. Ardindan veri
dengesizligini ortadan kaldirmak icin uygulanan SMOTE yéntemi ile
2276 ornek elde edilmistir. Elde edilen sonuclarla ilgili bulgular asagida
siralanmistir.

Algoritmalarin, dért performans kriterine gore; veri 6n isleme 6ncesi ve
sonrasina ait tahmin dogruluklari Tablo 1M'de sunulmaktadir. Degerler
incelendiginde, K-NN ve KA algoritmalariicin tahmin performanslarinin
veri énisleme gerceklestirilmeden dnce dusuk oldugu ve veri 6n isleme
adimlarinin  tahmin performanslarini  olumlu yoénde etkiledigi
goérulmektedir. Bu iki algoritmanin aksine NB algoritmasinin ise tahmin
dogrulugunun veri 6n isleme sonrasinda azaldigi gérulmektedir.

Tablo T
Veri Onisleme 6ncesi ve sonrasi tahmin performans dederleri
Dogruluk Oranlari

Algoritmalar Veri on isleme 6ncesi  Veri én isleme sonrasi

KA %78,49 %87,04
NB %73,74 %64,50
K-NN %76,91 %91,30
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d) Arastirma Sorusu 4: iLITAM programindan basarili olma ya da terk
etme/basarisiz olma durumlari ile bu duruma etki eden degiskenler
arasinda nasill iliskiler ve kurallar vardir?

ILITAM programinda égrenim goéren dgrencilerin secilen degdiskenleri
arasindaki iliskilerin belirlenmesi icin kural tumevarimi
algoritmalarindan yararlanilmistir. Kural tureten bu algoritmalarda
cogu zaman, veri kimesi buyuk oldugunda, fazla sayida kural elde
edilmektedir. Kurallardan bazilari sadece iyi bilinen alan bilgisine
karsilik gelebilirken, bazilari degerlendirici agisindan dnemli olmayabilir.
Bu nedenle dnemli gorulen kurallar secilmelidir (McClean, 2003). Yani
kurallar bilimsel olarak modeli temsil edebilecegdi gibi kismen de
acilklama  yapabilmektedir. Bu c¢alismada kural tUmevarim
algoritmalarindan kural cikarimi gerceklestirilmistir. Sonug¢ olarak 23
adet kural elde edilmis ancak anlamlilik, kullanilabilirlik ve ise yararhlik
acisindan degerlendirilip uzman gorusu alinarak asagidaki 10 temel
bulgu kullanilabilir olarak ele alinmistir.

. Kiz &grenciler programa yerlesme icin yaptiklar tercih
siralamasinda bu programi 2. veya 3. sirada tercih ettilerse bélumden
mezun olamamaktadirlar.

Erkek ogrenciler programa yerlesme icin yaptiklari tercih
siralamasinda bu programi 3. sirada tercih ettilerse bélumden basarili
sekilde mezun olmaktadirlar.

Girig sirasi bolum siralamasina gore sonlarda olsa bile yerlesme yili
yarim dénemden az olan égrenciler basarili sekilde mezun olmaktadir.

Puan degeri ortalama ve dusuk duzeyde olan erkek &égrenciler
mezun olamamaktadir.

Giris sirasi bolum siralamasina gére sonlarda olsa da yasi 28’ den
kUcUk olan tum ogrenciler eger puan degeri de ortalama duzeyde ise
mezun olmaktadirlar.

Giris sirasl bolum siralamasina gore sonlarda veya Ust siralarda
olan kiz 6grenciler programdan mezun olamamaktadir.

Tartisma ve Sonug¢

Bu calisma, ILITAM karma égrenme programlarinda basariya etki eden
degiskenlerin belirlenmesi ve 6grencilere yonelik yol gésterecek egitim
politikalarinin gelistirilmesi icin gerceklestirilmistir. Bu amacla, SAU
ILITAM programina 2013-2016 yillari arasinda giris yapan 6grencilerin
verileri kullanilmistir. Calismanin veri seti iki veri setinin eslestirilerek
birlestiriimesi ile olusturulmustur. Birinci veri seti &grencinin
universiteye giris bilgilerine ait degisken degerlerini iceren girdi veri
setidir. Ikinci veri seti ise 6grencilerin Universiteden mezun olma basar!
durumlarini iceren cikti veri setidir. iki veri setinde ayni égrenciye ait
degerler eslestirilmistir. Degiskenlerin belirlenebilmesi ve politikalara
oNngoru saglayacak surece ait tahminlerin yapilabilmesi icin egitsel veri
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madenciligi kullaniimistir. Bunun icin ilk olarak veri, én isleme adimlari
ile analiz icin hazirlanmistir. Tekrarli, eksik deger temizleme, nitelik
olusturma ve veri cogaltma islemlerinden sonra 2276 &grenciye ait
deger iceren bir veri seti elde edilmistir. Ayrica veri donusturme islemi
ile degiskenlerde dénusum yapilarak daha anlamli degiskenler elde
edilmistir.

Ilk veri setinde 9 degisken mevcutken veri déntsimuinden sonra 8
degisken iceren, ilk veri setine gdre daha dengeli bir veri seti elde
edilmistir. Elde edilen veri seti ile KA, K-NN ve NB modelleri egitilmistir.
Sonuc olarak veri 6n isleme sureci (Costa ve digerleri, 2017; Romero ve
digerleri, 2008) c¢alismalari ile tutarh olarak modellerin tahmin
dogruluklarinin artmasini saglamistir. Dogruluk, kesinlik, duyarlilik ve
kappa degerlerine gore incelendiginde calismadaki siniflandirma
probleminde en uygun algoritmanin KNN oldugu sonucuna varilmistir.
Benzer sekilde Yukselturk vd. (2014) tarafindan okulu terk edecek
ogrencilerin tahmin edilesi icin gerceklestirilen calismada da K-NN
algoritmasi basaril olarak belirtilmistir. Bunlara karsin literatlrde farkli
algoritmalarin da basarili oldugu calismalar mevcuttur (Devasia ve
digerleri, 2016; Kabakchieva, 2013; Khasanah, 2017). Bunun nedeni bir
makine &grenmesi veya veri madenciligi analiz ve yorumunun
kalitesinin, buyuk o&lcude girdi verilerinin kalitesine bagli olmasidir
(Lantz, 2015). Ornegdin, dodru belirlenmis degiskenler, algoritma ne
kadar karmasik olursa olsun diger modellerden daha iyi performans
gosteren modeller verme egilimindedir. Genel olarak dogru degisken
setine sahipseniz, basit bir model bile iyi performans gdstererek istenen
sonuclari vermektedir (Kamath ve Choppella, 2017).

Calismadan elde edilen diger sonuc¢ ise degiskenlerdeki dnem
siralamasidir. Sivakumar vd. (2016) 6grencilerin 6gretim programini terk
etme nedenlerini incelemislerdir. Terk etme nedenleri agirlikh olarak
ogrencilerin ailevi ve kisisel problemleri, ev ya da yurtta barinma gibi
sosyal problemleri acisindan ele alinmistir. Programi terk etmelerinde
en dnemli etken ailevi nedenler olarak tespit edilmistir. Bu calismada
farkli olarak égrencilerin terk etme durumlari akademik acilardan ele
alinmis ve bunlara yonelik egitsel politikalar 6nermek amaclanmistir.
Bu calismada sonu¢ uzerinde en etkili olan degiskenin 6grencilerin
cinsiyeti oldugu gérulmustur. Erkek o6grencilerin bir kisminin farkli bir
degiskene bagli olmaksizin programi birakma egiliminde oldugu,
kizlarin ise giris puani ve Universiteye yerlesme surelerine bagl olarak
programi biraktiklari gorulmektedir. Ayrica kural cikariminin diger
bulgulari olan, kiz 6grencilerin programa yerlesme icin yaptiklari tercih
siralamasinda bu programi 2 veya 3. sirada tercih etmeleri durumunda
bélumden mezun olamamalarina karsin erkek égrencilerin programa
yerlesme icin yaptiklari tercih siralamasinda bu programi 3. sirada tercih
etseler dahi basarili olmalari &znitelik dnem siralamasini destekler
niteliktedir. Hakyemez (2015)'in calismasinda da oldugu gibi cinsiyet
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degiskenin akademik basari durumu Uzerinde énemli bir etkisi oldugu
séylenebilmektedir. Ogrencilerin basarisiz olma durumunu belirleyici
olan ikinci degiskenin ise yerlesme yili oldugu gérulmektedir. incelenen
kurallara goére giris sirasl bolum siralamasina gdre sonlarda olsa bile
yerlesme yili yarim dénemden az olan &égrenciler basaril sekilde mezun
olmaktadir. Bu durum &grencinin ¢alisma motivasyonunun kesintisiz
surdurulmesi ile ilgili olabilir. Kural ¢cikarimindan elde edilen bir diger
sonu¢ ise puan degeri ortalama ve dusuk duzeyde olan erkek
ogrencilerin mezun olamamasidir. Bunun nedeni ders calisma
motivasyonu dusuk olan erkek 6grencilerin egitim hayatini birakip is
hayatina atilma istekleri olabilir. Bir diger kural sonucu ise, 6grencinin
giris sirasi bolum siralamasina gore sonlarda olsa da yasi 28’ den kuguk
olan tum ogrenciler eger puan degeri de ortalama duzeyde ise mezun
olmasidir. Ayrica giris sirasi bolum siralamasina gdre sonlarda veya
siralamanin Ust siralarinda olan kiz égrenciler programdan mezun
olamamaktadir. Bunun nedeni siralamada asagida kalan égrencilerin
yasadigl basarisiz olma kaygisi, Ust siralardaki égrencilerin ise basarili
olarak puani daha yuksek bdlumlere ge¢cme istegi olabilir. Shahiri ve
Husain (2015) tarafindan &égrenci performansini belirlemeye yonelik
gerceklestirilen calismada genel not ortalamasi degiskeninin yaninda
en cok etki eden degiskenler cinsiyet ve yas olarak belirtilmistir. Bu
calismada da elde edilen sonuclara benzer olarak yas ve cinsiyet
degiskenlerinin 6nemi ortaya konmaktadir.

Calismada elde edilen tahmin basari oranlari ve kurallar incelendiginde
bu alanda bu tekniklerin kullanilmasinin verimli olacagi gérulmektedir.
Literatur incelemesi sonucunda karma egitimde daha &nce veri
madenciligi teknikleri kullanilarak gerceklestirilen calismalar olsa da
ILITAM programinda bu alanda bir calismaya rastlanmamistir. Bu
nedenle calismanin alanda yol gosterici ve fikir verebilecek bir calisma
niteliginde oldugu soylenebilir. EJitim politikalarindaki yanlis
stratejilerden dolayl, 6grenci basarilarinda ve mezun kalitesinde
sorunlar yasanabilmektedir. Veriler arasindaki 6runtu ve iliskilerin analiz
edilerek bunlara gore elde edilen sonuclarla politika gelistirmek,
ogrencilerin daha donanimli sekilde mezun olmalarini ve okuduklari
bdlumU terk etmemelerini dnlemeye yardimci olacaktir. ILITAM bdlum
koordinatérlerine ve ders veren ogretim Uyelerine egitim surecinde
ogrencilere yonelik ne gibi konulara dikkat etmesi, nasil davranmasi ve
ne gibi faaliyetler gerceklestirmesinin faydalari olabilecegi yonunde fikir
verebilecek bir calisma niteliginde oldugu soylenebilir.

Calismadaki umut verici sonuclara ragmen, calismanin bazi kisitlari
bulunmaktadir. Turkiye'de 11 tane Universitede ILITAM programi
bulunmasina karsin verilere ulasma sorunu yasanmaktadir. Bundan
dolayi calismada veri toplama faaliyeti sadece SAU iLITAM programinda
sistemsel olarak kayitlara ulasilabilmenin mUmkudn oldugu 2013-2016
yillari arasinda programa kayit yaptiran &ogrenciler cercevesinde
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gergeklestiriimistir. Ayrica calismada tahmin ve kural ¢cikarimiicin temel
algoritmalardan KA, K-NN ve NB algoritmalari kullaniimistir.
Kullanilabilecek ¢cok fazla algoritma oldugu halde diger algoritmalarin
kullanilmamasi calismanin  bir diger sinirhhigr olarak belirtilebilir.
Algoritma cesitliliginin yaninda bu calisma kapsaminda toplanan veri
setindeki nitelikler de kisitli olarak elde edilebilmistir. Kullanilan
niteliklerin yanina &grencilerin ailevi ve sosyal yasamlarini belirten
niteliklerin  katilmasi ile egitilen modellerin performanslarinin
incelenmesinin  yararhh olacagl dusunulmektedir. Ayrica gelecek
calismalarda literatUrde egitim alanticin énerilmis olan veri madenciligi
CRISP-EDM (Ozdemir, 2016) yaklasiminin kullanilmasi planlanmaktadir.

Oneriler

Calismadan elde edilen sonuclardan yola cikarak bazi oneriler
gelistirilebilir. ilk olarak programda gérev alan egitmenler derslerini
alan 6grencilerin bélume giris tercih siralari ile bélume yerlesme sirasini
belirten giris sirasi degiskenlerine dikkat ederek 6égrencilerin derse
katilim ve motivasyonunu saglayamaya ydnelik farkli materyal ya da
uygulama kullanabilir ve farkli kaynak onerisi yapabilirler. Ayrica
programda sunulacak oryantasyon egitiminde bu 6grencileri daha
fazla motive etmek ve durumla ilgili farkindalik olusturmak igin
etkinlikler yUratulebilir.

Etik Kurul izin Bilgisi: Bu arastirma, T.C. SAKARYA UNIVERSITESI
REKTORLUGU Etik Kurulunun 01/10/2021 tarihli 38 sayili 57 nolu karari
ile alinan izinle ydratdalmastar

Yazar Cikar Catismasi Bilgisi: Yazarlarin beyan edecegi herhangi bir
cikar catismasi bulunmamaktadir.

Yazar Katkisi: Yazarlar bu makaleye esit oranda katkida bulunmustur.
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Introduction

Data mining is a multidisciplinary approach that aims to understand,
analyze, and transform data into usable information. In other words, it
can be defined as the process of extracting information and
conclusions from large databases. According to the patterns sought,
the processes in data mining can be classified as summarization,
classification, clustering, association, and trend analysis. The
classification method allows determining the class of an object
according to its characteristics. With the summarization method, data
is abstracted and generalized. Association rules enable revealing
relationships between attributes. In the clustering method, the aim is
to group and identify a series of objects of unknown class (Fu, 2011).

Educational data mining is defined by the international educational
data mining community as "a discipline that deals with developing
methods to make inferences from data in educational environments
and understanding students and learning environments with the
developed methods" (Educational Data Mining, 2021). Web-based
courses, learning content management systems, and adaptive
intelligent web-based education systems; each has different data
sources and goals for knowledge discovery (Romero & Ventura, 2007).
In recent years, there have been many studies on educational data
mining with very different goals and objectives. Researchers classify the
studies carried out in this field according to their subjects
(Bakhshinategh et al.,, 2018; Dutt et al., 2017; Rodrigues et al., 2018). When
the studies are examined, it is seen that the most basic areas of study
are data analysis and visualization (Goncalves et al., 2017; Pascual-Cid et
al., 2010), student performance prediction (Aghalarova & Keser, 2021,
Miller et al., 2015; 2015; Moradi et al, 2014), providing feedback for
instructors (Wang & Lin, 2012) and student modeling (Kassim et al., Kay,
2000; 2004; Moradi et al.,, 2014).

In studies conducted on educational data mining in Turkey, the
postgraduate thesis can be found on subjects such as data analysis
(Ozcinar, 2006), student modeling (Akcapinar, 2014; Ersdz 2017; Kismet,
2018), and determining student performance (Aydemir 2017; Ozdemir,
2016; Polat, 2021). In addition, there are academic studies such as
performance prediction (Baltaci, 2018; Baser et al., 2020; Bilen et al., 2014;
Sengur & Tekin, 2014), data analysis (Aydemir, 2019; Keskin et al., 2019),
providing feedback for supporting training (Gure et al., 2020), as well as
general explanations and literature review on these subjects (Arugaslan
& Civril, 2021; Ozbay, 2015; Ozturk, 2018; Tekin & Ozteki, 2018; Tosunoglu
et al,, 2021).

This study aims to provide feedback for instructors based on student
performance estimates obtained as a result of data analysis. In this
sense, systematic literature reviews in the literature on student
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performance have become directive (Abu Saa et al., 2019; Hermaliani et
al,, 2022; Namoun et al., 2020). There are a number of studies on the
subject of predicting student performance in the fields of face-to-face
learning (Bliuc et al., 2010; Morsy & Karypis, 2017; Polyzou & Karypis, 2016),
distance learning (Bliuc et al., 2010; Goncalves et al., 2017, Howard et al.,
2016) and blended learning (Sorour et al, 2014; Zacharis, 2016). The
amount of data obtained in distance education is considerably higher
than in face-to-face education. By processing, analyzing, and modeling
these data, results that will guide researchers can be achieved. The
application area of distance education is quite wide, so it has the
potential to have a widespread impact due to the models developed. In
this research, the data of the Theology Undergraduate Completion
Program (ILITAM) students, one of the blended learning programs of
Sakarya University (SAU), were selected as the study group. The ILITAM
program first started to be carried out at Ankara University as blended
learning in October 2005 and was subsequently opened at different
universities in Turkey. This program is based on associate degree
program graduates completing a two-year education program in order
to obtain a bachelor's degree. Research on the ILITAM program in the
literature can be divided into categories as follows;

1. Studies to determine the perceptions of faculty members and
students on blended or distance education programs (Arslan
& Korkmaz, 2019; Gen¢ & Ayhan, 2021; Gumrukguoglu & Geng,
2020; Kablan, 2020; Karateke, 2020; Kaymakcan et al., 2013)

2. Studies to determine the effectiveness of the education
program (Imran et al., 2019)

3. Studies on the suitability of the materials used in the
curriculum and the teaching style of the course with the
distance education model, the difficulties or problems
experienced (Akaslan, 2020; Dag, 2013)

It has been observed that in the above-mentioned studies on ILITAM,
descriptive and case studies were generally carried out using
qualitative and quantitative methods. It has been observed that
statistical analysis is mostly used in this regard, while data mining and
machine learning applications have not been explored. This study is up-
to-date in that it deals with data from ILITAM and blended learning
students. In addition, in the relevant literature upon educational data
mining, it was seen that studies generally focused on the prediction
accuracy of algorithms and clustering. However, problems such as data
dimensionality, class imbalance, and classification error were not taken
into account during these processes (Imran et al., 2019). However, while
in some studies, the default values of the program are used to
determine the parameters of the machine learning algorithms in the
models, in some studies, these values are determined heuristic by the
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researcher. In this study, unlike other studies, attributes were
categorized, and the SMOTE method (Chawla et al., 2002) was used to
prevent class imbalance. Additionally, data cleaning and preprocessing
steps were applied, and hyperparameter (grid search) optimization was
used for parameter selection of the algorithms. In addition to
parameter optimization, the study aims to correctly select the
appropriate machine learning algorithms to be used in the student
graduation success prediction model and to determine the order of
importance of the attributes affecting success. The prediction model
has two classes. The first is the success class, which represents students
who successfully graduate from the program. The second is the
dropout/failure class, which represents students who left the program
as failures and dropped out from the program. In this respect, the
research was conducted to find answers to the following questions:

1.What is the order of importance of the attributes that affect success or
dropout/failure in the ILITAM program?

2. What is the accuracy of predicting the success or dropout/failure of a
student newly enrolled in the ILITAM program using educational data
mining techniques?

3. What is the contribution of data preprocessing steps to prediction
accuracy?

4. What are the relationships and rules between success or
dropout/failure in the ILITAM program and the attributes that affect this
situation?

Method

In the research, the CRISP-DM process model, which is used within the
scope of educational data mining (Chapman et al, 2000), was
employed. The aim of the study is to predict the success or
dropout/failure of students in the SAU ILITAM blended learning
program according to their university entrance information and to
identify the attributes that most affect this predicted situation. In
addition, the success or dropout/failure status of a student newly
enrolled in the ILITAM program was predicted, and the relationships
between the result status and input attributes were identified. The
student's success or failure status was determined by basic machine
learning algorithms, and the relationships between input attributes
and the outcome situation were determined by the feature weights
method.

The CRISP-DM process model used in the study emerged in a project in
1999. The main purpose of the method is to make data mining projects
less costly, more reliable, more repeatable, more manageable, and
produce faster results. The six steps covered by the process are
presented in Table 1T (Wirth & Hipp, 2000).
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Table 1
Steps of the CRISP-DM Model
Description Data Data Modelling Evaluation  Deployment
of the Understanding Preprocessing
Problem and

Preparation

Identifying Validate data  Selectingdata  Choosing Evaluating Deployment

the quality the the model plan
objectives of modeling
the problem technique
Evaluate the Identify data Clearing data Improving  Review the Plan
problem the test process monitoring
design and
maintenance
Determining Exploring data  Creating the Build a Determine Producing
data mining data model Next Steps final report
goals
Producing a Collect the Integrate and Evaluate Review the
project plan data format data the model project

Description of the Problem

In distance education, there appears to be less chance to observe
students compared to face-to-face education. Therefore, examining the
characteristics and behaviors of distance education students is useful
for learning-teaching processes. The problem of determining the most
important attributes affecting the success of students in distance
education and determining the success or dropout/failure of students
in the future, which is the focus of the study, is an important problem.

Data Understanding

The data set of the study consists of data from students who entered
the Sakarya University ILITAM program between 2013 and 2016. The
data set was obtained by combining data from two databases. Student
profile information and OSYM data are from the student affairs
database (DB-1). Success statuses are obtained from the SAU
Information System (DB-2). The information in the two databases will
be analyzed by matching and integrating according to student
numbers. Ethical approval for the study was carried out within the
framework of the permission obtained by the Sakarya University Ethics
Committee, decision no. 38, no.57, dated 01/10/2021. The input attributes
of the students and the explanations of these attributes are presented
in Table 2. The purpose of the study is to estimate the target/output
attribute that expresses the outcome value. This target value is called
pass and fail. The successful value includes information about students
who successfully graduated from the program, and the dropout/failure
value includes information about students who left the program failure
and were dropout from the program.
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Table 2
The first data set obtained without data preprocessing
Attributes Name Attributes Definition Database
Student number Student's Number DB-1, DB -2
Birth date Student's Year of Birth DB -1
Gender Student's gender DB -1
Graduation Year The year he graduated from | DB -1
high school
PlacementScore OSYM score DB -1
Order of Preference Department Preference | DB -1
Order
Education year It is the academic year in| DB-I
which the student is placed.
EnumOsymPlacement | Placement type DB -1
Archive Information Success status DB -2

Data Preprocessing and Preparation

Before analyzing the data set, in order to reach correct results,
predictions, and relationships, the problem must first be understood
well, and the data must be prepared properly. For this reason, data
preprocessing was applied. Data preprocessing includes data
integration, cleaning, transformation, and reduction steps. In the study,
the data preprocessing process was carried out through the
Rapidminer 9.10.011 program.

First, the data sets in two separate databases were combined by
applying the integration step. The input values of the data set and the
student achievement status, that is, the target value, are in different
databases. While the data in the DB-1 data set includes general
information about students' entries, the data in the DB-2 data set
includes their graduation status. The DB-1 data set contains data of
3472 students, and the DB-2 data set contains data of 2189 students.
The merging of the data sets was carried out based on the DB-2 data
set. Here, student numbers are used as the key field for two data sets.
As a result of merging, an integrated data set of 2189 students was
obtained. In the second step of data preprocessing, missing, erroneous,
repetitive, and outlier values in the data set were examined. In this step,
according to the student number information, nine student data were
removed from the data set, which was determined to be repetitive. It
was found that there were missing records in the information, such as
birth year, gender, placement score, department preference order,
guota, and academic year of 165 students, and these were also removed
from the data set. Also, the quota information of 782 students and the
graduation information of 12 students were recorded incorrectly, which
cannot be interpreted, so they were removed from the data set. In the
target value consisting of archive statuses, there is information that a

99



PUJE, 61,94-120 https://doi.org/10.9779/pauefd. 1085483

person left the program because he died. For this reason, the data of
this student was also removed from the data set. The data set obtained
at the end of the entire data cleaning process includes 1220 student
data. In addition, the attributes were analyzed with the box plot
method, and outliers were searched for in the data set, and no outliers
were found.

Since some attributes in the data set were not deemed suitable for
evaluation and interpretation, a new attribute creation process was
applied through the transformation process. Within the scope of this
process, the university entrance age was calculated by taking the
difference between the academic year and the year of birth, and a new
attribute called age was created. In order to examine the effect of how
many years after students graduated from high school on their success,
the difference between the university academic year and the high
school graduation year was taken, and a new attribute called the
placement year was obtained. Within the scope of attribute
transformation, z, and t transformations were made on the entry score,
and the scores were considered as a common value. The reason for this
is that when evaluating the placement score for the department, the
scores may be in different ranges since the base and top scores are
different every year. Another transformation process was carried out on
the student number. The last three digits in the number coding
represent the student's entry ranking into the department. Therefore,
the entry order attribute was transformed using the student number.
The ‘order of preference’ attribute was categorized to make it more
meaningful. The transformation processes performed are presented in
Table 3.

Table 3

Data Transformation Processes

Current Attribute Transformation Process  New Attribute
Academic year - Birth date Attribute Generation Age

Education year - Graduation Attribute Generation Year of Starting
Year University
EnumOsymPlacement Normalization Score

Student number Attribute Generation Entry Order
Order of Preference Discretization Order

The attributes obtained for 1220 student data as a result of data
preprocessing are presented in Table 4.
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Table 4
Data Set-Features
Attributes Description Type Value
Age Student's university entry age Continuous 19-57
Gender Student Gender Nominal Female-
Male
Year of Starting  Year to enter the program after Continuous 0-22
University high school
Score Placement Score Continuous 34,73~
107,93
Order of Order of choosing the program Nominal 1-3, 4-6, 7+
Preference you are placed in
EnumOsymPlac First placement additional Nominal 1,2
ement placement
Entry Order Student's entry ranking to the Continuous 1-599
department
SuccessStatus Graduation or non-graduation Nominal Success,
status Non-
Success

Another stage in the data preparation process is to examine the balance
status of the classes in the data set. The classes in the data set must
contain approximately equal numbers of data; otherwise, the data set is
considered unbalanced. This imbalance causes the class with a large
number of data to be predicted with high accuracy, while the minority
class is predicted with low accuracy. In this case, commenting with
general accuracy may be misleading. As a solution to class imbalance,
classes that are close to each other can be combined depending on
suitability, penalty points can be applied to the class with a large number
of data, or resampling can be done with synthetic data generation
(Chawla, 2005; Longadge & Dongre, 2013, Romero et al, 2008). A
commonly used method for resampling is Synthetic Minority
Oversampling (SMOTE). The SMOTE method is based on the principle of
increasing the number of data in the minority class by calculating linear
combinations of two similar samples (Chawla et al., 2002). By performing
basic label analysis on the data set obtained as a result of the data
transformation process, it was seen that there were 1138 examples from
the successful category and 82 examples from the failure category in the
target attribute. To resolve this imbalance, the SMOTE method was
applied to the data set, and the number of samples in the failure
category was equalized to the number of samples in the successful
category. As a result, 2276 samples were obtained.

Attribute weights

Information retrieval is a popular filter model and technique used to
determine the weight of features (Prasetiyowati et al., 2021; Sokkhey &
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Okazaki, 2020). This method, which allows us to see how much influence
each attribute has on the target value, is also used in the field of
education (Cifci et al,, 2018). In the study, the weights of the attributes
affecting student success were determined by the information
acquisition method. In addition, the application of feature weights and
all other analyses was carried out with the Rapidminer Studio 9.10.0T1
program. When the weights of the attributes are examined, it is seen
that the attribute that has the most impact and is the most decisive on
the result attribute is the "Gender," with a value of 0.095. Other attributes
are listed as follows: "Year of starting university" with a value of 0.038, the
"Score" with a value of 0.029, the "Age" with a value of 0.023, the
"EntryOrder" with a value of 0.008 and the "PreferenceOrder" with a
value of 0.004. It is seen that the attribute that has the least impact on
the result is the "EnumOsymPlacement"”, which indicates whether the
students are placed as primary or reserve students. The ranking of the
attributes is presented in Figure 1.

Figure 1
Feature weights

EnumOsymPlacement
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Entry Order
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Gender

0 0,01 0,02 0,03 004 005 0,06 0,07 008 009 0,1

B Attributes

Modelling

The k-fold cross-validation method was used as the learning method in
the study. In this method, one part of the data is used for testing, and the
other parts are used for training. The working strategy of the method
starts by using the first part as testing and the other parts as training
data, and then the model continue to work by using the second part as
test and the others as training data. The process is completed when all
parts are evaluated as test data. Accuracies are obtained at the end of
each evaluation. The overall accuracy is obtained by averaging all these
(Refaeilzadeh et al., 2009). The prediction models developed in the study
were trained with k-fold cross-validation, and the parameters used in the
algorithms were determined with the grid optimization technique. The
optimization process and training models are seen in Figure 2 (a) and
Figure 2 (b).
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Figure 2 (a) Figure 2(b)
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To predict student performance, basic machine learning algorithms
such as decision tree, k-nearest neighbor, naive Bayes algorithms, and
rule induction were used to extract relationship rules.

Decision Tree (DT)

DT can work with both nominal and numerical attributes and is a more
widely used method than other algorithms. As a working principle, the
algorithm proceeds according to the tree structure by dividing the data
set into subsections. The process starts from the root and continues from
the intermediate node and branches up to the leaf node, and the leaves
form classes. The algorithm with IF-THEN rules is easy to interpret and
understand (Bilgin, 2018; Mitchell, 1997). There are some criteria, such as
information gain, gini index, and gain rate, to determine which attribute
will be the root node. This criterion can be chosen according to the
operating performance of the algorithm (Maimon & Rokach, 2005). In the
study, a classical decision tree was used, as seen in Figure 3. This decision
tree learner in RapidMiner works similarly to Quinlan's C4.5 or CART
(Quinlan, 1986).

Figure 3
Classic decision tree model
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Parameter results obtained using grid optimization are presented in
Table 5. The k value of the k-fold cross-validation method was examined
with the optimization technique, varying between 1-10, and the
sampling type was changed into four different sampling types. The root
node and depth parameters of the decision tree were determined
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simultaneously with the optimization technique as a result of 144
iterations.

Table 5

DT parameters
Parameter Value
k-fold cross validation 10
k-fold cross-validation sampling type Random
Decision tree root node criterion Gini_index

K-nearest Neighbor (K-NN)

In this algorithm, whose working principle is quite easy, a selection is
made according to the number of neighbors determined by the user,
and the new sample is assigned according to the similarities to those
neighbors. Although it has an easy working principle, the algorithm is
quite effective (Han et al, 2011). However, the classification stage
progresses a little slowly, and additional processes are required when
there is missing data (Lantz, 2019). The nearest neighbor is determined
by measuring the similarity between two samples. This distance can be
calculated using Euclidean, Manhattan, and Minkowski distances
(Bilgin, 2018). The K-NN prediction model applied in the study is
presented in Figure 4.

Figure 4

K-NN model
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The parameter values used for training the K-NN model are presented
in Table 6. The number k, which represents the number of nearest
neighbors, and similarity measures were obtained by optimization as a
result of 484 iterations.

Table 6
K-NN parameters
Parameter Value
k-fold cross validation k number 71
k-fold cross-validation sampling type Random
K-NN k number 1
Measure type Mixed Measurement
Mixed measure Mixed Euclidean Distance
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Naive Bayes (NB)

Bayesian approach is one of the most practical methods among
learning algorithms. This method calculates the probability of a
hypothesis based on the observed data with the probability of the
previous assumption and the probability of the data appearing
(Mitchell, 1997). Based on the Bayesian approach, NB examines the
frequency of occurrence of each outcome and the number of times the
combination of independent attributes and dependent attributes is
seen (Bilgin, 2018). In this method, it is evaluated how well an asset fits
into a particular class based on the odd value. Odds value is the ratio of
the probability that an entity belongs to a target class to the probability
that it does not belong (Byeon, 2022). The NB prediction model used in
the study is presented in Figure 5.

Figure 5

NB model
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For the NB algorithm, the parameter values obtained through
optimization as a result of 88 iterations are presented in Table 7. The
only parameter used in this algorithm is the Laplace correlation.
Parameter selection related to k-fold cross-validation was made in the
model.

Table 7

Accuracy values for NB by sampling type
Parameter Value
k-fold cross validation k number 2
k-fold cross-validation sampling type Random
Laplace correlation No

Rule Induction

In the rule induction method, the algorithm grows iteratively, and the
process starts from less common classes. The rule pruning process
continues until there are no positive examples left or the error rate is
more than 50%. During the growth process, for each rule, the condition
with the highest information gain is selected by trying the possible
values of each feature. As a result, the values in the data are transformed
into meaningful information with the rules obtained. It can represent
the model scientifically as well as partially explain it. Although it is
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similar to the DT algorithm, decision rules are easier to understand and
interpret than decision trees. However, it can be stated as a
disadvantage that it works partially poorly on large training data
(Rapidminer, Rule Induction, 2020). The rule induction model in the
study is presented in Figure 6.

Figure 6
Rule Induction
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Parameters obtained by the optimization method for rule induction are
presented in Table 8.

Table 8

Rule induction parameter values
Parameter Value
Rule induction criterion Accuracy
Sample rate 1

Evaluation

Data preprocessing, parameter selection, and test set determination
are factors that affect the success of the model in data mining
applications. Measurement of how accurate and acceptable these
processes are carried out is made in the evaluation step. In order to
measure prediction success in classification applications, evaluations
regarding accuracy criteria should be made. These are accuracy rate,
sensitivity, precision, F criterion, and kappa. One or more of these
criteria can be used depending on the need and application
requirements. In this study, algorithms were evaluated according to
accuracy, sensitivity, precision, and kappa statistics criteria. The
confusion matrix from which the accuracies were obtained is given in
Table 9. In the matrix, columns represent actual values, and rows
represent predicted values. (Bilgin, 2018).
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Table 9
Confusion matrix

Actual Successful Class Actual Failure Class

Prediction Success Class Gl YO
Prediction Failure Class Y1 GO
Here;

G1: The number of successfully classified samples in the test set,
GO: number of correctly classified failed samples in the test set,
Y1: number of misclassified successful examples in the test set,
YO: number of misclassified failed samples in the test set
The results obtained according to the analyses are presented in Table
10.

Table 10

Algorithm results
Algorithm Accuracy Recall Precision Kappa
DT %87,04 %87,04 %87,59 0,740
NB %64,50 %64,49 %67,62 0,290
K-NN %91,30 %91,46 %92,11 0,824

Success status was estimated by DT, NB, and K-NN algorithms.
According to Table 10, it can be seen that the most successful prediction
values are achieved with the K-NN algorithm. Performance values of
the K-NN algorithm It was obtained as 91.30% accuracy, 91.46%
sensitivity, 92.11% precision, and 0.824 kappa statistics. The K-NN
algorithm is followed by the DT algorithm with 87.04% accuracy, 87.04%
sensitivity, 87.59% precision, and 0.740 kappa statistic value. It is seen
that the algorithm with the lowest predictive values is the NB
algorithm, with 64.50% accuracy, 64.49% sensitivity, 67.62% precision,
and 0.29 kappa statistic values. As a result, it can be said that the most
suitable classification algorithm for the prediction model in the study is
K-NN.

Deployment

The aim of this stage is to guide instructors and administrators by
developing policies according to the relationship rules obtained as a
result of the application. In addition, it is expected that the policies
developed based on the data will be integrated with the education and
training systems, improving the processes and achieving more
successful societies.

Findings

There are four different research questions within the scope of the
study. These;

a) Research question 1: What is the order of importance of the
attributes that affect success or failure/dropout in the ILITAM program?
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The impact weights of the features were calculated with the
information gain algorithm. As a result, the most effective and decisive
attribute was obtained as the "Gender". The second attribute is the "
YearofStartingUniversity " with a value of 0.038. Then, the affecting
attributes were obtained as "Score", "Age", "EntryOrder" and
"OrderofPreference". The attribute that has the least impact on the
result is the "EnumOsymPlacement", which indicates whether the
students are placed as primary or reserve students.

b) Research question 2: What is the accuracy of predicting the success
or dropout/failure of a student newly enrolled in the ILITAM program
with educational data mining techniques?

One of the most important criteria of machine learning algorithmes,
besides cost and solution time, which are the success criteria, is solution
and prediction accuracy. The prediction accuracy criterion depends on
the performance of the algorithms, the suitability of the data, and the
parameters used. The most decisive among these factors is the
selection of data and parameters. Parameter selection can be done
intuitively. However, this may cause possible high prediction accuracies
to be ignored. In order to prevent this problem, parameter optimization
techniques were used in the study. In addition, DT, K-NN, and NB
algorithms, which are among the most basic algorithms for prediction
accuracy and are frequently used in studies (Akram et al., 2019; Durairaj
& Vijitha, 2014, Rojanavasu, 2019), were used. The prediction success of
the algorithms was evaluated according to accuracy, precision,
sensitivity, and kappa performance criteria.

According to the results presented in Figure 6, the classification
algorithm that achieves the most successful prediction values among
the three algorithms is the K-NN algorithm. Then comes the DT
algorithm, and the algorithm with the lowest success rate is seen as the
NB algorithm. It can be said that the classification model suitable for
the problem is the model developed with the K-NN algorithm.

Figure 6
Prediction performance results
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c) Research question 3: What is the contribution of data preprocessing
steps to prediction accuracy?

The data set contained values of the information of 1289 students before
the data preprocessing steps. After applying the data preprocessing
steps, the data set contained values for 1220 students. Then, 2276
samples were obtained with the SMOTE method applied to eliminate
data imbalance. Findings regarding the results obtained are listed
below.

The prediction accuracies of the algorithms before and after data
preprocessing are presented separately according to the performance
criteria in Table 11. When the accuracy values are examined, it is seen
that the prediction performances for K-NN and DT algorithms are low
before data preprocessing. It can be said that data preprocessing steps
positively affect prediction performances. Unlike these two algorithms,
the prediction accuracy of the NB algorithm appears to decrease after
data preprocessing.

Table 1
Prediction performance values before and after data preprocessing
Accuracy Rate

Algorithm Before data preprocessing After data preprocessing
DT %78,49 %87,04
NB %73, 74 %64,50
K-NN %76,91 %91,30

d) Research question 4: \What are the relationships and rules between
the success or dropout/failure of the ILITAM program and the attributes
affecting this situation?

Inferences were made from rule induction algorithms in order to
determine the relationships between the qualifications of the students
studying in the ILITAM program. In these rule-generating algorithmes,
when the data set is large, a large number of rules are obtained. While
some of the rules may simply correspond to well-known domain
knowledge, some may not be important to the practitioner. For this
reason, rules that are considered important and appropriate to the
problem by practitioners and experts should be chosen (McClean,
2003). In other words, rules can scientifically represent the model or
partially explain it. In this study, 23 rules were obtained and evaluated
in terms of meaningfulness, usability, and usefulness. As a result of the
evaluation, expert opinion was taken, and the following ten basic
findings were accepted as usable.

e Female students cannot graduate from the department if their
placement preference order is ranked second or third.
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e Even if the entry order is at the end of the department, students
whose placement year is less than half a semester graduate
successfully.

e Male students with average or low placement score values
cannot graduate.

e Even though the entry order is at the end of the department, all
students under the age of 28 graduate if their score is at an
average level.

e Female students whose entrance order is at the bottom or top of
their department rankings cannot graduate from the program.

Discussion and Conclusion

This study was carried out to identify the attributes that affect success
in ILITAM blended learning programs and to develop educational
policies that will guide students. During the application phase, data
from students who entered the SAU ILITAM program between 2013 and
2016 were used. The data set was created by combining two data sets.
The first data set is the input data set containing students' information.
The second data set is the output data set containing the success status
of the students. Values belonging to the same student were matched
in the two data sets. Educational data mining was used to determine
attributes and make predictions about the process for policies. For this,
first, the data set was prepared for analysis with preprocessing steps.
After repeated missing value cleaning, attribute generation, and data
augmentation processes, a data set containing values of 2276 students
was obtained. In addition, more meaningful attributes were obtained
by transforming the attributes with the data transformation process.

While there were nine attributes in the first data set, after data
transformation, a more balanced data set containing eight attributes
was obtained. DT, K-NN, and NB models were trained with the obtained
data set. As a result, the prediction accuracy of the models increased,
consistent with data preprocessing studies in the literature (Costa et al,,
2017; Romero et al.,, 2008). When examined according to accuracy,
precision, sensitivity, and kappa performance criteria, it was concluded
that KNN was the most appropriate algorithm for the classification
problem in the study. Similarly, in the study carried out by YUkselturk et
al. (2014) to predict the students who will drop out of school, the K-NN
algorithm was stated to be successful. On the other hand, there are
studies in the literature where different algorithms are successful
(Devasia et al.,, 2016; Kabakchieva, 2013; Khasanah, 2017). This is because
the quality of data mining analysis and interpretation largely depends
on the quality of the input data (Lantz, 2015). For example, properly
chosen attributes tend to outperform other models no matter how
complex the algorithm. In general, when working with the right set of
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attributes, even a simple model performs well and gives the desired
results (Kamath & Choppella, 2017).

Another result obtained from the study is the importance ranking of the
attributes. Sivakumar et al. (2016) examined the reasons for students
leaving the program and discussed them mainly in terms of social
problems such as students' family and personal problems. The most
important factor in leaving the program was determined to be family
reasons. In this study, students' dropout situations were discussed from
an academic perspective, and it was aimed to suggest educational
policies regarding them. It was observed that the most effective
attribute of the result was the gender of the students. It is seen that
some of the male students tend to drop out of the program regardless
of any other attribute, while female students drop out of the program
depending on their entrance score and university placement time. In
addition, other findings of rule induction support the feature
importance ranking. These findings indicate that while female students
cannot graduate from the department if their preference order is
second or third, male students will be successful even if their preference
order for placement in the program is third. As in the study of
Hakyemez (2015), it can be said that the ‘Gender’ has a significant effect
on academic success. It seems that the second attribute that
determines the failure of students is the year of placement. According
to the rules examined, students whose placement year is less than half
a semester graduate successfully, even if the entry order is at the end.
This may be related to the uninterrupted maintenance of the student's
motivation to study. Another result obtained is that male students with
average or low score values cannot graduate. It can be said that the
reason for this is that male students, who have low motivation to study,
want to leave education and enter business life. In addition, according
to the results, it is seen that all students under the age of 28 graduate if
their score value is at the average level, even though the entry order is
at the end. In addition, female students whose entry order are at the
bottom or at the top cannot graduate from the program. The reason for
this may be that students at the bottom of the rankings experience
anxiety about failure, while students at the top want to be successful
and move to departments with higher scores. Shahiri and Husain (2015)
stated that while trying to determine student performance, the most
influential attributes besides the general score attribute are ‘Gender’
and ‘Age’. Similar to the results obtained in this study, the importance
of age and gender attributes is revealed.

When the prediction success rates and rules obtained are examined, it
is seen that the use of these techniques in this field will be efficient. As
a result of the literature review, although there have been previous
studies using data mining techniques in blended learning, no studies
in this field were found in the ILITAM program. Thus, it can be said that
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the study is a guide in the field. Due to wrong strategies in education
policies, problems may occur in student success and graduate quality.
Analyzing the patterns and relationships in the data and developing
policies based on the results obtained will help students graduate
better equipped and prevent them from leaving the department they
study. It can be said that the study is a study that can give ideas to
ILITAM department coordinators and faculty members on issues such
as approaches to students and issues to be considered regarding
course management during the education process.

Despite the successful and guiding results of the study, there are also
some limitations. There are ILITAM programs in 11 universities in Turkey,
but due to the problem of accessing the data, the data collection
activity in the study was carried out only in the SAU ILITAM program. In
addition, the data was collected within the framework of students
enrolled between 2013 and 2016, when it was possible to access the
records systematically. Although there are many algorithms that can be
used, DT, K-NN and NB algorithms, which are among the basic
algorithms, were used for prediction and rule extraction in the study.
This can be stated as another limitation of the study. It can be said that
another limitation is the characteristics of the collected data set. In
addition to the qualities used, it is thought that it would be useful to
examine the performances of the models trained by adding qualities
that express the social lives of the students. In addition, it is planned to
use the data mining CRISP-EDM (Ozdemir, 2016) approach, which has
been recommended for the field of education in the literature, in future
studies.

Suggestions

Some suggestions can be offered according to the results obtained
from the study. For example, by paying attention to the preference
order and entry order attributes of the students in the courses they
conduct, faculty members can use different materials or applications to
increase students' participation and motivation in the course and
suggest new resources. Additionally, orientation training can be
planned to motivate students more, and activities can be carried out to
raise awareness.
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