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Bu calismanin amaci, Biligsel Taniya Dayali Bilgisayar Ortaminda Bireye Uyarlanmis Testlerde
(BT-BOBUT), DINA ve DINO model igin farkli nitelik sayisinda, madde kalitesinde ve test
uzunluklarinda madde se¢im algoritmalarinin performanslarini 6lgme dogruluguna gore incelemektir.
Calisma kapsaminda, nitelik sayis1 5 ve 8 olarak degisimlenmis ve her madde en az bir nitelik ve en
fazla 4 nitelik 6lgecek sekilde sinirlandirilmistir. Veri iiretiminde, g ve s parametreleri yiiksek madde
kalite diizeyi i¢in U(0,05-0,25) ve diisiik madde kalite diizeyi i¢cin U(0.10-0.30) tekbi¢cimli dagilimdan
cekilmistir. Her bireyin her nitelige sahip olma sans1 %50 olacak sekilde 3000 bireye ait biligsel
Oriintiiler Uretilmistir. Sonlandirma kurali olarak 8, 16 ve 24 sabit test uzunluklar1 kullanilmustir.
Caligmada kullanilan madde segim algoritmalar1 GDI, JSD, MI, PWCDI ve PWKL’dir. Madde se¢im
algoritmalarinin performanslari, nitelik ve Oriintii koruma oranlarmma gore degerlendirilmistir.
Caligmada veri Uretimi ve analizleri R 3.6.3 yazilimi kullanilarak gerceklestirilmistir. Caligsma
sonucunda, madde kalitesi ve test uzunlugu arttik¢a tiim algoritmalarin 6l¢me dogruluk degerlerinin
artt1g1, nitelik sayisi arttik¢a 6lgme dogrulugunun azaldigi tespit edilmistir. JSD algoritmasinin 6lgme
dogrulugu tiim kosullarda en yiiksek iken, PWKL algoritmasinin en diisiik oldugu bulunmustur. DINA
ve DINO modellerde PWKL algoritmasi disindaki algoritmalarin performansi yaklagik ayni iken,
DINO modelde PWKL algoritmasiin 6l¢gme dogrulugunun DINA modelden daha diisiikk oldugu

bulgusu elde edilmistir.

Anahtar sozciikler: biligsel tan1 modeli, bilgisayar ortaminda bireye uyarlanmis test, madde se¢im

yontemi, DINA model, DINO model

Atf: Asiret, S. & Omiir-Siinbiil, S. (2022). BT-BOBUT Uygulamalarinda madde segim
algoritmalarininim performanslarinin 6lgme dogrulugu agisindan incelenmesi. Pamukkale

Egitim Fakiiltesi Dergisi 54, 188-214 doi: 109779.pauefd.769548

: Ogretmen, Milli Egitim Bakanlhigi, ORCID ID: 0000-0002-0577-2603 , semihasiret@gmail.com
** Dog. Dr., Mersin Universitesi Egitim Fakiiltesi, ORCID ID: 0000-0001-9442-1516, secilomur@gmail.com



S, Asiret ve S, Omiir Siinbiil / Pamukkale Universitesi Egitim Fakiiltesi Dergisi, 54, 188-214, 2022 189
Giris
Egitimde biligsel taniya dayali degerlendirmeler, model bazli 6lgmeye ve bicimlendirici
degerlendirmeye dayalidir (Embretson, 2001). Son yillarda biligsel taniya dayali birgok model
gelistirilmistir. Bilissel tantya dayal1 yapilan degerlendirmelerin 6ncelikli amaci sonug odakli
degerlendirme yapmak degildir. Buradaki asil amag, bireyin giiglii ve zayif yanlar1 detayli
tespit edilerek, bireylere etkili geri bildirimde bulunmak, bireylerin 6grenme profillerini

ortaya koymak ve bireylerin 6grenme durumlarini kolaylastirmaktir.

Biligsel Tan1 Modeli (BTM), bir testteki problemi ¢6zmek ic¢in gerekli islemleri veya
bircok kiiclik becerilerin varligimi veya yoklugunu tanilamayi saglayan kesikli oOrtiik
degiskenli modellerdir (de la Torre, 2009). BTM’lerin amaci, bireyin sahip oldugu ve
olmadig nitelikleri (becerilerini) ortaya koymaktir. Madde Tepki Kurami’nin (MTK) aksine,
BTM bireyin niteliklere sahip olma durumunu 1-0'dan olusan ortiik bir vektor ile ifade eder.
Bir¢ok BTM mevcuttur. BTM'ler tamamlayici, tamamlayici olmayan ve genel modeller olarak
iic farkli sekilde siniflandirilmaktadir. Bireyin verilen maddeye dogru cevap vermesi icin
tamamlayic1 modellerde, maddenin 6l¢tligli niteliklerden en az birine, tamamlayici olmayan

modellerde ise maddenin Sl¢tiigii tiim niteliklere sahip olmasi1 gerekir.

BTM’ye dayali degerlendirmelerde, Oncelikle nitelikler belirlenir. Belirlenen
niteliklere gore madde yazimi gergeklestirilir. Maddeler gelistirildikten sonra Q matrisinin
olusturulur. Q matrisinde satirda maddeler, siitunlarda ise nitelikler yer alir. Maddenin 6l¢tiigii
niteliklere denk gelen hiicrelere 1, dlgmedigi niteliklere denk gelen hiicrelere 0 yazilir.

Boylece her maddenin 6l¢tiigii nitelikler belirlenir.

Tamamlayici olmayan ve tamamlayici BTM'lerde en bilinen ve en sik kullanilan
DINA (deterministic-input, nosiy-and-gate) (Haertel, 1989; Junker ve Sijtsma, 2001) ve
DINO (deterministic-input, nosiy-or-gate) (Templin ve Henson, 2006) modellerdir. Her iki

model de, kisitlayict modellerdir.

DINA model, tamamlayici olmayan ve birlestirici yogunlastirma kuralina sahip bir
modeldir. Yani, bireyin maddeyi dogru cevaplayabilmesi i¢in Q matrisinde tanimlanan
maddenin Ol¢tiigii tlim niteliklere sahip olmasi gerekir. Birey, Q matrisinde madde i¢in
tanimlanan niteliklerden herhangi birine sahip olmadig1 durumlarda maddeye yanlis cevap
verecegi sayiltisina sahiptir. DINA modelde, her madde i¢in tahmin etme (g) ve kaydirma (s)
olmak iizere iki farkli parametre kestirilmektedir. g parametresi, bireyin maddenin 6l¢tiigi

tiim niteliklere sahip degilken, maddeye dogru cevap verme olasiligini, s parametresi ise,
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bireyin, Q matrisinde tanimlanan maddenin 6l¢tiigii tiim niteliklere sahipken, maddeye yanlis

cevap verme olasiligimi gostermektedir (Rupp, Templin ve Henson, 2010).

DINA modelde, i bireyinin j maddesine dogru cevap verme olasiligi Esitlik 1’de

gosterilmektedir.
.. 1-m;;
i = P(Xij = 1]a;) = (L —sp)"ig; 1)
Esitlik 1°de a;, bireyin bilissel ériintiisiini, n;; = [T~ a7, 6rtiik tepki Sriintiisiinii, g,

tahmin parametresini, s, kaydirma parametresini gostermektedir. Ornegin n; ; =1 oldugu

durumda, bireyin maddeyi dogru cevaplama olasilig1 Esitlik 2 ile gosterilmektedir.
;i 17 Mij —1_
(my) = (1 =s)Mig; " = A =s)lg} =1 = s) 2

DINO model, DINA modelin tamamlayici halidir. DINO model, en az bir tane nitelik
Olglimiiniin olup olmadigin1 gésteren ayristirict yogunlastirma kuralina sahiptir (Rupp ve
digerleri 2010). Birey, Q matrisinde tanimlanan maddenin 6l¢tigli niteliklerden herhangi
birine sahip olmasi durumunda maddeye dogru cevap verecektir. Bireyin, Q matrisinde
tanimlanan maddenin Ol¢tiigii niteliklerden herhangi birine sahip olmamasi durumunda
maddeye yanlis cevap verecektir sayiltisina sahiptir. Yani maddeyi 6lgen herhangi bir nitelige
sahip olus, digerlerinin eksikliginin gidererek tamamlar. DINO modelde, DINA model gibi

her madde i¢in kaydirma ve tahmin etme olmak iizere iki parametre kestirilir.

DINO modelde, i bireyinin j maddesine dogru cevap verme olasiligi Esitlik 3’te

gosterilmektedir.
o =P(X; = 1|ay) = 1 —s)®ug; Y ©)
TTij ( ij |al) ( S]) g]-

Esitlik 3’te a;, bireyin biligsel orintisiint, w;; =1 —[Tf=1(1 — ay)¥*, ortik tepki

oOrlintiisiinii, g, tahmin parametresini, s, kaydirma parametresini gostermektedir.
Bilissel Taniya Dayah Bilgisayar Ortaminda Bireye Uyarlanmis Testler

Biligsel Taniya Dayali Bilgisayar Ortaminda Bireye Uyarlanmis Testler (BT-BOBUT),
Biligsel Tan1 (BT) ve Bilgisayar Ortaminda Bireye Uyarlanmig Testlerin (BOBUT) bir araya
gelmesiyle olusmustur. BOBUT’ta bireyler ortiik siireklilik tizerinden bir noktaya
yerlestirilirken, bireylere tanisal geri bildirim verilmemektedir. Bunlarin aksine BT- BOBUT,
bireyleri ortiik durumlarma goére siniflamayr ve bu ortiik simiflar tizerinde ortiik simif

modellerini uygulamay1 amacglamaktadir (Cheng, 2009).
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BT-BOBUT uygulamasi, BOBUT uygulamasiyla benzer asamalara sahiptir. BOBUT

uygulamalarinda oldugu gibi, dncelikle ilk madde secilir. Secilen madde bireylere uygulanir
ve bireylerin biligsel Oriintiileri kestirilir. Kestirilen biligsel oriintiiye goére madde se¢im
algoritmalar1 aracilifiyla bir sonraki madde, madde bankasindan secilerek bireye gonderilir.
Bu siire¢ sonlandirma kurali gerceklestirilinceye kadar devam eder. Sonlandirma kurali

gerceklestikten sonra, bireylerin nihai biligsel oriintiileri kestirilir ve siire¢ sona erer.

BOBUT uygulamalarinda, Fisher En Yiiksek Bilgisi (Maksimum Fisher Information-
MFI) en popiiler madde se¢im algoritmalarindan biridir (Thissen ve Mislevy, 2000). Ancak
MFI, sans basarisindan etkilenmesi, kisa testlerde yetenek kestiriminin yeterli olmamasi ve
kesikli ortiilk siniflamalarda kullanilamamasindan dolayir BT-BOBUT uygulamalarinda
kullanilmamaktadir. Tlgili literatiir incelendiginde, Kullback-Leibler Bilgisi (Xu, Chang ve
Douglas, 2003), Shannon Entropy ( Tatsuoka, 2002; Tatsuoka ve Ferguson, 2003), Sonsal
Agirliklandiriimig Kullback-Leibler bilgisi PWKL ve Hibrid Kullback-Leibler bilgisi (HKL)
(Cheng, 2009), Karsilikli (mutual) bilgi indeksi (Wang, 2013), Degistirilmis Sonsal
Agirliklandirilmis Kullback-Leibler bilgisi (MPWKL) ve GDINA ayirtedicilik indeksi (GDI)
(Kaplan, de la Torre ve Barrada, 2015), Sonsal agirliklandirilmis biligsel ayirtedicilik indeksi
(PWCDI) ve Sonsal agirlhiklandirilmis nitelik diizeyinde biligsel ayirtedicilik indeksi
(PWACDI) (Zheng ve Chang, 2016) ve Jensen-Shannon uyumsuzluk indeksi (JSD) (Minchen
ve de la Torre, 2016) algoritmalarinin tek amag¢li BT-BOBUT uygulamalarinda madde
seciminde kullanildig1 goriilmektedir. Asagidaki kisimda bu ¢alisma kapsaminda kullanilan

algoritmalardan kisaca bahsedilmistir.
Sonsal agirhiklandirilmis KL bilgisi (PWKL)

Cheng (2009), KL algoritmasiin diisiik etkililiginden dolayi, her bilissel Oriintiiniin KL
algoritmasina katkisini nicellestirmek amaciyla KL bilgisi ile bu bilgeye denk gelen sonsal
agirhigr carparak, sonsal agirlikli KL bilgi algoritmasini gelistirmistir. PWKL algoritmasi

matematiksel olarak Esitlik 4’te gosterilmektedir.

r(X;; = x|,
PWKL;(&) = Y25, {2,%:0 [log <M> P(Xy = x|&)
c

9]

T[(aclxt—l)} (4)

Esitlik 4’te K, toplam nitelik sayisi, P(X;; = x|a.) verilen a, biligsel ériintiisii i¢in i
bireyinin j maddesine verdigi X tepkisinin olasilik degeri ve m(a.|x;—1), (t-1) madde

uygulandiktan sonra biligsel Oriintiilerin sonsal agirlik degerleridir.
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Karsilikli (Mutual) Bilgi Indeksi (MI)

Wang (2013) tarafindan gelistirilen MI algoritmasi, birbirini takip eden sonsal dagilim
arasindaki KL uzakliginin esdegeri olarak tanimlanir. MI algoritmasina iliskin esitlik, Esitlik
5’te tamimlanmustir.

P X L= Xl
Ml = 2351 mi(ac|xe-1) Xx=o P(Xij = x|at) log (%) X

Jensen-Shannon Uyumsuzlugu (JSD)

JSD algoritmas1 (Minchen ve de la Torre, 2016), iki se¢kisiz dagilimin katisik dagilimi ve
bunlarin marjinal dagilimlarinin ¢arpimi arsinda bagil entropinin 6l¢iistidiir (Yigit, Sorrel ve
de la Torre, 2019). Maksimum JSD degeri maksimum olan madde, sonraki madde olarak

secilir. JSD algoritmasina iligkin esitlik Esgitlik 6’da verilmistir.
JSD; = S(P; x ') — ¥2" n.S(P;.) (6)

Esitlik 6°da H, segenek sayisini, S(P,.), Shannon entropiyi, P;, H x 2X matrisini ve m sonsal

olasilik agirhgimi gostermektedir.
Sonsal Agirliklandirilmus Bilissel Aywrtedicilik Indeksi (PWCDI)

Zheng ve Chang (2016) Bilissel Ayirtedicilik Indeksine (CDI) bilissel oriintiilerin sonsal
olasilik dagilimlarimi dahil ederek PWCDI algoritmasini gelistirmistir. Olas1 bilissel
oriintiilerin tepki dagilimlart arsindaki KL bilgileri 2¥x2% boyutundaki D matrisinde
saklanmaktadir. PWCDI algoritmasinda bilissel oriintiilerin sonsal olasilik dagilimlari, D
matrisine dahil edilerek PWD matrisi elde edilir. Bu yoniiyle PWKL algoritmasina benzerdir
ancak PWKL algoritmasindan farkli olarak, matriste satir ve siitun i¢in agirliklandirma

yapilmaktadir. PWD matrisi Esitlik 7 ile tantmlanmaktadir.

X.
PWD;,, = Eq, |n(a,) X n(a,) X log <iEXJ-||Zu§> (7)
j|Yv
PWCDI algoritmasi ise Esitlik 8 ile gosterilmektedir.
PWCDI; = mzu# h(a,, a,)™t PWDjy,, (8)

Esitlik 8’de h(ay, a,) = YX_;law — aykl, iki bilissel oriintii arasindaki hamming mesafesini

gostermektedir.
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Arastirmanin Amaci ve Onemi
BT-BOBUT ¢alismalarinda anahtar durum madde se¢im algoritmalaridir (Cheng, 2009). Hsu
ve Wang (2015) BT-BOBUT c¢alismalarinda, iyi madde segiminin 6lgme dogrulugunu
artirdigint  belirtmistir. BT-BOBUT uygulamalar1 i¢in son yillarda yeni madde se¢im
algoritmalar1 gelistirilmistir. Ancak gelistirilen bu algoritmalarin performanslarini 6lgme
dogrulugu acisindan farkli modellerde ve farkli kosullarda degerlendiren yeterli calisma yer

almamaktadir.

Bu caligmanin amaci, madde se¢im algoritmalarinin (GDI, JSD, MI, PWCDI, PWKL)
DINA ve DINO modellerinde, cesitli test uzunluklarinda (8, 16 ve 24), madde kalitesi
diizeylerinde (diisiik ve yiiksek) ve nitelik sayilarinda (5 ve 8) performanslarini 6lgme
dogrulugu (Oriintii koruma orani ve nitelik koruma orani) agisindan degerlendirmektir. Bu
amag dogrultusunda belirlenen kosullarda en yiiksek 6l¢me dogrulugunun hangi madde se¢im
algoritmalarindan elde edildigi ortaya konarak, pratikteki uygulamalara yardimci olacagi

distiniilmektedir.
Yontem
Arastirmanin Tiirii

Bu ¢alismada, BT-BOBUT uygulamasinda madde se¢im algoritmalarinin performanslarinin
analiz edilen modele, nitelik sayisina, madde kalitesine ve test uzunluguna gore Slgme
dogrulugu acisindan incelenmesi amaclanmistir. Bu acidan ¢alismada madde sec¢im
algoritmalarmin ¢esitli faktorlere gore nitelik ve Oriintli koruma oranlarinin incelenmesi

amaglandigindan bu ¢alisma, temel arastirmadir.
Arastirma Kapsaminda Degisimlenen Faktorler

Analiz Modeli: Calismada, tamamlayici BTM olarak DINO ve tamamlayict olmayan BTM
olarak DINA model kullanilmistir. Her iki modelin tercih edilmesindeki temel gerekge,
tamamlayic1 ve tamamlayic1 olmayan modeller olmasi, pratikte siklikla tercih edilmesi ve
hesaplama kolayligidir. Hesaplama kolayligi, bireysellestirilmis testlerde istenen bir

ozelliktir.

Madde kalitesi: Calismada madde kalitesi diisiik ve yiiksek olmak iizere iki farkli sekilde
degisimlenmistir. Madde parametrelerinin iiretiminde Zheng ve Chang (2016) tarafindan

belirlenen parametre degerleri kullanilmistir. Her iki model i¢in yiiksek madde kalitesi i¢in g



194 S, Asiret ve S, Omiir Siinbiil / Pamukkale Universitesi Egitim Fakiiltesi Dergisi, 54, 188-214, 2022
ve s parametreleri U(0,05-0,25) ve diisik madde kalitesi i¢in U(0,10-0,30) tekbi¢imli

dagilimdan tiretilmistir.

Nitelik sayist: 11gili literatiir incelendiginde, Cheng (2009) ve Wang (2013) 5 nitelik diizeyinin
orta oldugunu ve von Davier (2005), pratikte nitelik sayisinin en fazla 8 olmasi gerektigini
ifade etmistir. Bu calismada nitelik sayilari, orta ve yiiksek olmak lizere 5 ve 8 olarak
degisimlenmistir. Ayrica gercek uygulamalarla benzerlik saglamasi amaciyla her madde en

fazla 4 nitelik 6lgecek sekilde sinirlandirilmistir.

Test uzunlugu: DiBello, Roussos ve Stout (2007) BT-BOBUT c¢alismalarinin siklikla sinifigi
degerlendirmelerde, bic¢imlendirici degerlendirme amaciyla kullanildigini  ve test
uzunluklarinin kisa olmasi gerektigini belirtmistir. Bu acgidan, nitelik sayilar1 da dikkate

alinarak test uzunluklar1 8, 16 ve 24 olarak degisimlenmistir.

Madde Secim Algoritmalari: Calisma kapsaminda madde se¢im algoritmasi olarak Cheng
(2009) tarafindan gelistirilen PWKL, Wang (2013) tarafindan gelistirilen MI, Kaplan ve
digerleri (2015) tarafindan gelistirilen GDI, Zheng ve Chang (2016) tarafindan gelistirilen
PWCDI ve Minchen ve de la Torre (2016) tarafindan gelistirilen JSD algoritmalari

kullanilmastir.
Veri Uretimi ve Islem

Calismadan verilerin {iretimi ve analizi R 3.6.3 (R Core Team, 2020) yazilim1 kullanilarak
gergeklestirilmistir. Verilerin tiretiminde GDINA paketi (v2.8; Ma ve de la Torre, 2020) ve
grafiklerin olusturulmasinda ggplot2 (v3.3.2; Wickham, 2016) paketi kullanilmistir. Diger
islemler igin kodlar arastirmacilar tarafindan R 3.6.3 (R Core Team, 2020) yaziliminda

yazilmistir.

Madde bankast ve bireylerin iiretimi: Stocking (1994) madde bankasinin test uzunlugunun
en az 12 kat1 olacak sekilde liretilmesi gerektigini ifade etmistir. Bu amagcla, 5 ve 8 nitelik
diizeyleri i¢in 500 madden olusan iki farkli madde bankasi {iretilmistir. Q matrisi, her bir
niteligin madde tarafindan Sl¢lilme sans1 %30 olacak sekilde olusturulmustur. Q matrisi,
madde madde ve nitelik nitelik olarak iretilmistir. Ayrica ger¢ek uygulamalara benzerligin
saglanmasi amaciyla Q matrisinde yer alan her madde en az bir nitelik, en ¢ok dort nitelik
Olcecek sekilde sinirlandirilmistir. Boylelikle Q matrisinde 5 nitelik diizeyinde 30, 8 nitelik
diizeyinde ise 162 farkli biligsel oOriintli yer almaktadir. Her bireyin her niteligi basarma
olasilig1 % 50 olacak sekilde, 5 ve 8 nitelik diizeyleri igin 3000 bireye ait biligsel Oriintiiler

tiretilmistir. Uretilen bireylerin bilissel riintiilerine ve Q matrisine gore bireylerin maddelere
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verdigi tepkiler 1-0 olarak iiretilmistir. Bu igslemin ardindan her oriintii icin DINA ve DINO

modele gore maddelere dogru cevap verme olasiliklar1 hesaplanmistir.

Tablo 1°de 5 ve 8 nitelik diizeyinde, her niteligi lcen madde sayis1 ve nitelige sahip
olan birey sayilar1 verilmistir. Tablo 1 incelendiginde, Q matrisinin madde madde ve nitelik
nitelik olusturulmasindan dolay1 her niteligi 6l¢en madde sayilar1 yaklasik olarak esittir. Tablo
1’e gore 5 nitelik diizeyi icin, birinci niteligi 6lgen madde sayis1 169, ikinci niteligi dlgen
madde sayis1 179, {igiincii niteligi 6lgen madde sayist 185, dordiincii niteligi dlgen madde
say1s1 189 ve besinci niteligi 6lcen madde sayis1 182°dir. Benzer dagilim 8 nitelik diizeyi
icinde gecerlidir. Tablo 1’de her bir nitelige sahip birey sayilar incelendiginde, 5 ve 8 nitelik
sayilar1 i¢in her nitelik diizeyinde birey sayilarinin yaklagik esit oldugu goriilmektedir. Bu
durum, bireylerin iiretiminde her bireyin her niteligi bagarma olasiligi % 50 olacak sekilde

sinirlandirilmasindan kaynaklanmaktadir.

Tablo 1. 5 ve 8 nitelik diizeyinde, her niteligi 6l¢cen madde sayist ve nitelige sahip olan birey

sayilart

Nitelikler

K=5 1 2 3 4 5

Madde Sayis1 (J=500) 169 179 185 189 182

Birey Sayist (N=3000) 1493 1543 1492 1495 1499

K=8 1 2 3 4 5 6 7 8

Madde Say1s1 (J=500) 156 133 135 161 146 153 154 170

Birey Sayis1 (N=3000) 1493 1503 1524 1547 1475 1494 1450 1509

Not: K, toplam nitelik sayis1, J, madde bankasinda yer alan madde sayisi, N, toplam birey

say1sl

Tablo 2’de 5 ve 8 nitelik diizeyinde, olasi nitelik sayisini1 6lgen madde ve nitelige sahip
olan birey dagilimlar1 verilmistir. Madde bankasinda, her madde en az bir nitelik ve en fazla
4 nitelik 6lcecek sekilde siirlandirma getirildiginden, higbir niteligi 6lgmeyen ve dortten
fazla niteligi 6lgen madde bulunmamaktadir. Tablo 2 incelendiginde, 5 nitelik diizeyinde en

cok bir (204) ve iki nitelik (203) 6lgen maddelerin oldugu goriiliirken, ti¢ nitelik 6lcen madde



196 S, Asiret ve S, Omiir Siinbiil / Pamukkale Universitesi Egitim Fakiiltesi Dergisi, 54, 188-214, 2022
say1s1 78 ve dort nitelik 6lgen madde sayis1 15°tir. 8 nitelik diizeyinde, en ¢ok iki nitelik 6lgen

(168) maddeler yer almaktadir. Bir nitelik 6lcen madde sayisi, 105, {i¢ nitelik 6lcen madde
say1st 141 ve dort nitelik 6lgen madde sayis1 86°dir. 5 nitelik diizeyinde, higbir nitelige sahip

olmayan birey sayis1 97 iken 8 nitelik diizeyinde ise 6’dr.

Tablo 2. 5 ve 8 nitelik diizeyinde, olasi nitelik sayisini 6lcen madde ve nitelige sahip olan

birey dagilimlar

Nitelikler

Nitelik Sayist (K=5) 0 1 2 3 4 5

Madde Sayis1 (J=500) O 204 203 78 15 0

Birey Sayis1 (N=3000) 97 449 942 955 461 96

Nitelik Sayilar1 (K=8) 0 1 2 3 4 5 6 7 8

Madde Sayis1 (J=500) O 105 168 141 86 0 0 0 0

Birey Sayis1 (N=3000) 6 86 334 665 834 658 312 92 13

Not: K, toplam nitelik sayisi, J, madde bankasinda yer alan madde sayisi, N, toplam birey

say1sl

Ik madde secimi: BT-BOBUT uygulamasi ilk madde segimiyle baslar. Bu ¢alismada ilk
madde se¢imi seckisiz olarak yapilmistir ve madde se¢im algoritmalarint es kosullarda
degerlendirmek amaciyla seckisiz secilen madde, tiim algoritmalarda ilk madde olarak

kullanilmustir.

Biligsel oriintiiniin  kestirilmesi: BT-BOBUT uygulamalart  siklikla  simif  igi
degerlendirmelerde kullanilmaktadir. Ders silirecinde uygulanan testlerin uzunluklar
genellikle kisadir. Bu durumda, maddelerin tamamina dogru (1) veya tamamina yanlis (0)
tepki veren bireylerin olma olasilig1 yiiksek olabilmektedir. Bireylerin tepki oriintiilerinin
tamami 0 veya 1 oldugunda, En c¢ok olabilirlik (MLE) yontemi dogru kestirim
yapamamaktadir. Bu nedenle ¢alismada bireylerin biligsel Oriintiileri maximum a posteriori

(MAP) kestirim yontemiyle kestirilmistir.

Degerlendirme élgiitii: Bu calismada, madde se¢im algoritmalarinin performanslari nitelik ve

oriintii diizeyinde degerlendirilmistir. Nitelik diizeyinde, madde se¢im algoritmalarinin nitelik



S, Asiret ve S, Omiir Siinbiil / Pamukkale Universitesi Egitim Fakiiltesi Dergisi, 54, 188-214, 2022 197
koruma oranlar1 (NKO) ve biligsel oriintii diizeyinde madde se¢im algoritmalarinin oriintii

koruma oranlar1 (OKO) hesaplanmistir. NKO ve OKO Esitlik 9 ve Esitlik 10 ile

hesaplanmustir.

N A N (e,
NKO, = ZI:I];IAlk _ X -1( le' 1k), k=1,2, ..., K) (9)

— Zl\]:1 R; — z:%\Ll(lf"\l:mi)

k=1,2, ....K) (10)

BT-BOBUT siireci: Calismada, Q matrisleri, bireylere ait bilissel oriintiiler ve bireylerin
maddelere verdigi tepkiler iiretildikten sonra, her oriintiinlin maddeye dogru cevap verme
olasiliklar1 hesaplanmistir. Bu asamadan sonra, BT-BOBUT siireci baslatilmistir. BT-
BOBUT siirecinde, seckisiz olarak secilen baslangic maddesi tiim bireylere uygulanmis ve
her bireyin olas1 biligsel Oriintiileri, MAP kestirim yontemi ile kestirilmistir. Ardindan, her
birey i¢cin madde se¢im algoritmasi tarafindan se¢ilen madde, sonraki madde olarak
uygulanmistir. Bu siire¢ sonlandirma kurali gerceklestirilinceye kadar tekrarlanmistir. Siireg
tamamlandiginda, her madde se¢im algoritmasinin, her kosulda NKO ve OKO degerleri

hesaplanmistir. Elde edilen bu degerlere iliskin tablolar ve grafikler olusturulmustur.
Bulgular

DINA modelde, madde Kkalitesine ve nitelik sayisina gore, sabit test uzunlugu
sonlandirma kuralinda, madde se¢im algoritmalarinin ériintii koruma oranlarina iliskin

bulgular

Tablo 3’te arastirmada yer alan faktor diizeylerinde, DINA modele gore madde se¢im
algoritmalarinin Oriintii koruma oranlar1 verilmistir. Ayrica bu oranlar grafiksel olarak Sekil

1’de verilmistir.
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Tablo 3. DINA Modele Gére Madde Secim Algoritmalarinin Oriintii Koruma Oranlart

Madde Madde Algoritmalar
Model K o
Kalitesi  Sayist 5, JSD MI PWCDI PWKL
8 0644 0699 0644 0638 0612
Diisiik 16 0909 0921 0917 0914 0910
24 0978 0989 0982 0979 0,975
5
8 0808 085 0814 0799 0773
Yiksek 16 0980 0985 0987 0982 00976
24 0999 0999 0998 0997 0,999
DINA
8 0254 0343 0256 0248 0,207
Diisiik 16 0647 0676 0655 0647 0,638
24 0866 0876 0869 0867 0,864
8

8 0,399 0,560 0,394 0,392 0,308

Yiiksek 16 0,857 0,881 0,859 0,853 0,836

24 0,971 0,98 0,971 0,973 0,971

Tablo 3 ve Sekil 1 birlikte incelendiginde, madde se¢im algoritmalarinin OKO
degerlerinin, maddenin Ol¢tiigii nitelik sayis1 arttikga 6nemli 6lclide azaldig: goriilmektedir.
Tiim kosullarda, 5 nitelik diizeyindeki OKO degerleri daha yiiksektir. Ancak test sonlandirma
kuralinin 24 madde oldugu ve madde kalitesinin yiliksek oldugu durumlarda, 5 ve 8 nitelik

diizeyinde algoritmalarm OKO degerleri 1’e yaklasmaktadir.
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Sekil 1. DINA Modele Gére Madde Secim Algoritmalarinin Oriintii Koruma Oranlart
Sonlandirma kurali olarak 8 test uzunlugu kullanildiginda, 5 nitelik diizeyi i¢in diistik

madde kalitesinde algoritmalarin Griintii koruma oranlar1 0,612 - 0,699 araliginda, yiiksek
madde kalitesinde ise 0,855 - 0,975 araliginda degigsmektedir. Test uzunlugu arttik¢a, farkli

madde kalite diizeylerinde algoritmalarm OKO degerleri artmaktadir. 24 test uzunlugunda ve
5 nitelik diizeyinde, tiim diisiik ve yiliksek madde kalite diizeyinde, madde sec¢im
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algoritmalarinin OKO degerleri 1’e yakindir. 8 nitelik diizeyinde ise, sadece madde kalitesi

yiiksek oldugunda ve 24 test uzunlugu sonlandirma kuralinda, OKO degerlerinin 1’e yakin
oldugu soylenebilir. 5 nitelik diizeyinde, madde kalitesi yiiksek ve test uzunlugu 16
oldugunda, madde sec¢im algoritmalarinin Oriinti korumalarinin da 1’e¢ yakin oldugu
sdylenebilir. Tablo3’e gére, tiim kosullarda en yiiksek OKO degerleri JSD algoritmasindan,
en diisik OKO degerleri ise PWKL algoritmasindan elde edildigi goriilmektedir. Diger

algoritmalarin OKO degerleri ise birbirine ¢cok yakindir.

DINA modelde, madde Kkalitesine ve nitelik sayisina gore, sabit test uzunlugu
sonlandirma kuralinda, madde secim algoritmalarinin, nitelik koruma oranlarina

iliskin bulgular

Tablo 4’te arastirmada yer alan faktor diizeylerinde DINA modele gore madde se¢im
algoritmalarinin nitelik koruma oranlar1 verilmistir. Ayrica bu oranlar grafiksel olarak Sekil

2’de verilmistir.

Tablo 4 ve Sekil 2 birlikte incelendiginde, test uzunlugu arttikga madde segim
algoritmalariin NKO degerlerinin arttig1, test uzunlugu 24 ve madde kalitesi yiiksek
oldugunda madde segim algoritmalarm NKO degerlerinin yaklasik 1,00 oldugu, test uzunlugu
24 ve madde kalitesi diisiik oldugunda ise bu degerlerin 5 nitelik diizeyinde 1, 8 nitelik
diizeyinde 1’e yakin oldugu goriilmektedir. JSD algoritmasina ait NKO degerlerinin diger

algoritmalara gore az da olsa daha yiiksek oldugu soylenebilir.
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Tablo 4. DINA Modele Gore Madde Secim Algoritmalarimin Nitelik Koruma Oranlart

Madde Madde Algoritmalar
Model K o
Kalitesi ~ Sayist 5y, JSD MI PWCDI PWKL
8 0906 0922 0907 0,9 0,891
Diisiik 16 0978 0982 098 0978 0978
24 0995 0998 0996 0,995 0,994
5
8 0954 0964 0955 0948 0939
Yiksek 16 0995 0997 0997 0995 0994
24 1,00 1,00 100 0999 1,00
DINA
8 0826 0846 0825 0812 0819
Diisiik 16 0936 0942 0937 0931 0932
24 0978 098 0978 0977 0976
8
8 0881 091 08 0871 0861
Yiiksek 16 0977 0981 0978 0975 0972
24 0996 0997 0996 0996 0996
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DINO modelde, madde kalitesine ve nitelik sayisina gore, sabit test uzunlugu

sonlandirma kuralinda, madde se¢im algoritmalarinin 6riintii koruma oranlarina iliskin

bulgular

Tablo 5°’te, arastirmada yer alan faktor diizeylerinde DINO modele gére madde se¢im
algoritmalarinin Oriintii koruma oranlar1 verilmistir. Ayrica bu oranlar grafiksel olarak Sekil

3’te verilmistir.

Tablo 5. DINO Modele Gére Madde Segim Algoritmalarinin Oriintii Koruma Oranlar

Madde Madde Algoritmalar
Model K o
Kalitesi ~ Sayist 5 35p M PWCDI PWKL
8 0644 0689 0645 0637 0511
Disik 16 0011 0921 0909 0912 0,851
24 0982 0984 0983 0981 0,968
5
8 0819 0858 0819 081 0,663
Yiksek 16 0086 0088 0087 0984 0962
24 0998 0999 0999 0997 0,997
DINO
8 0247 0348 025 0254 0,124
Disik 16 0642 066 064 0641 0,341
24 0861 0884 0868 0863 0579
8

8 0,396 0,56 0,394 0,398 0,167

Yiiksek 16 0,844 0,876 0,853 0,854 0,46

24 0,972 0,973 0,973 0,966 0,719

Sekil 3 incelendiginde, DINA modelde oldugu gibi, test uzunlugu ve madde kalitesi
arttikca madde se¢im algoritmalarmin OKO degerlerinin arttig1, nitelik sayisi arttiginda ise

OKO degerlerinin azaldig1 sdylenebilir.
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Sekil 3. DINO Modele Gére Madde Segim Algoritmalarinin Oriintii Koruma Oranlar

Tablo 5’e gore 5 nitelik diizeyinde, diisiik madde kalitesinde ve 8 test uzunlugunda

algoritmalarin OKO degerleri 0,511 - 0,689 araliginda, yiiksek madde kalitesinde ise 0,663 -

0,858 araliginda degismektedir. 8 nitelik diizeyinde, 8 test uzunlugu ve diisiik madde

kalitesinde, OKO degerleri 0,124 - 0,348 araliginda, yiiksek madde kalitesinde ise, 0,167 -
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0,56 arliginda degismektedir. Sonlandirma kurali 24 test uzunlugu oldugunda, 5 nitelik

diizeyinde algoritmalarin OKO degerleri 1’e yakindir. 8 nitelik diizeyinde ve yiiksek madde
kalitesinde, PWKL algoritmas1 haricinde diger algoritmalarin OKO degerleri 1’e yakinken,
diisiik madde kalitesinde bu degerler 0.589 - 0,884 arasinda degismektedir. Algoritmalarin
OKO degerleri araligimm bu kadar genis olmasmin nedeni, PWKL algoritmasmin diger
algoritmalara gére OKO degerlerinin dnemli dl¢iide diisiik olmasidir. Ozellikle 8 nitelik
diizeyinde, PWKL algoritmasinin OKO degerleri, 5 nitelik diizeyine gére onemli dlgiide
azalmistir. Tiim kosullarda JSD algoritmasinin OKO degerleri daha yiiksek iken, PWKL
algoritmasmin OKO degerleri en diisiiktiir. PWKL algoritmas1 disindaki algoritmalarin OKO

degerleri ise, JSD algoritmasinin OKO degerlerine yakindir.

DINO modelde, madde kalitesine ve nitelik sayisina gore, sabit test uzunlugu
sonlandirma kuralinda, madde secim algoritmalarinin nitelik koruma oranlarina iliskin

bulgular

Tablo 6°da, arastirmada yer alan faktor diizeylerinde DINO modele gore madde segim
algoritmalarimin nitelik koruma oranlart verilmistir. Ayrica bu oranlar grafiksel olarak Sekil

4°te verilmistir.

Tablo 6 ve Sekil 4 incelendiginde, DINO modelde elde edilen NKO degerlerinin
PWKL algoritmast disinda, DINA modelde elde edilen NKO degerlerine benzer oldugu
sOylenebilir. Diisiik madde kalitesinde ve 5 nitelik diizeyinde algoritmalarin NKO degerleri
tiim test uzunluklarinda daha ytiksek iken, madde kalitesi arttiginda ve 24 test uzunlugunda
PWKL algoritmas1 disindaki algoritmalarin NKO degerlerinin 1’e yakin oldugu sdylenebilir.
Sekil 4’e gore, nitelik sayisinin artmasiyla, PWKL algoritmasinin NKO degerlerinin, diger

algoritmalarin NKO degerlerine gore daha fazla diistiigii sOylenebilir.
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Tablo 6. DINO Modele Gore Madde Se¢im Algoritmalarinin Nitelik Koruma Oranlart

Madde Madde Algoritmalar
Model K o
Kalitesi  Sayist 5, JSD MI PWCDI PWKL
8 0906 0921 0,906 0,9 0,821
Diisiik 16 0979 0981 0978 0977 0,958
24 0996 0996 0996 0995 0,992
5
8 0957 0966 0956 0952 0,886
Yiksek 16 0997 0997 0997 0996 099
24 1 1 1 0,999 0,999
DINO
8 0814 0846 0813 0812 0622
Diisiik 16 0933 0938 0933 0931 0743
24 0977 0981 0978 0975 0858
8

8 0,875 0,906 0,873 0,861 0,635

Yiiksek 16 0,975 0,98 0,976 0,974 0,797

24 0,996 0,996 0,996 0,995 0,91
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DINA ve DINO modele gore madde secim algoritmalarinin 6riintii koruma oranlarimin

incelenmesi

DINA ve DINO modeller i¢in farkli madde kalite diizeylerinde ve test uzunluklarinda, 5
nitelik diizeyine gdre madde segim algoritmalariin OKO degerleri Sekil 5’te ve 8 nitelik

diizeyine gdre madde secim algoritmalarinin OKO degerleri Sekil 6’da gdsterilmistir.
Model —+ DINA -#*- DIND

GDI J5D il PWCDI PWEKL

=
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Sekil 5. Nitelik sayist 5 oldugunda DINA ve DINO modele gére madde se¢im
algoritmalarinin OKO degerleri
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Sekil 6. Nitelik sayist 8 oldugunda DINA ve DINO modele gére madde se¢im

algoritmalarinin OKO degerleri

Sekil 5 ve 6 incelendiginde, tiim kosullarda PWKL algoritmas1 digindaki diger
algoritmalardan elde edilen OKO degerlerinin hem DINA hem de DINO modellerinde
yaklasik olarak ayni oldugu goriilmektedir. PWKL algoritmasindan elde edilen OKO
degenlerinin DINO modelde DINA modele gore daha diisiik oldugu goriilmektedir.
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Tartisma

DINA modele gére madde segim algoritmalarinin OKO ve NKO degerleri incelendiginde,
algoritmalarn OKO ve NKO degerleri, test uzunlugu ve madde kalitesi arttikca artmakta,
nitelik sayis1 arttikga azalmaktadir. Elde edilen bu bulgular, Cheng (2009), Wang (2013),
Kaplan ve digerleri (2015), Zheng ve Chang (2016), Yigit ve digerleri (2019) tarafindan elde
edilen bulgularla paralellik gostermektedir. Test uzunlugu 16 oldugunda, 5 nitelik sayisinda
ve yiiksek madde kalite diizeyinde, madde se¢im algoritmalarmin OKO degerlerinin 1°e yakin
oldugundan o6lgme dogrulugu agisindan 5 nitelik diizeyi i¢in 16 test uzunlugunda tiim
algoritmalar tercih edilebilir. Diisiik madde kalitesinde ise 16 test uzunlugunda madde se¢im
algoritmalarindan yiiksek 6lgme dogrulugu elde edilse de bu degerlerin yliksek madde
kalitesine gore daha diisiik oldugu goriilmiistiir. Bu agidan diisiik kalitede maddelerden olusan
banka kullanildiginda daha dogru siniflama yapilabilmesi i¢in daha uzun testlerin kullanilmasi
gerekmektedir. Nitelik sayist 8 oldugunda madde se¢im algoritmalarmin OKO degerleri
azalmaktadir. Ozellikle diisiik ayirt edicilikteki maddelerden olusan bankalarda, 24 test
uzunlugunda bile en yiiksek OKO degeri 0,876 olarak bulunmustur. Bu agidan bakildiginda,
nitelik sayis1 arttiginda, madde bankasinda yer alan maddelerin ayirt edicilik giiglerinin de
yiiksek olmasi gerekmektedir. 8 nitelik sayisinda, yliksek madde kalitesinde ve 24 test
uzunlugu sonlandirma kuralinda, madde se¢im algoritmalarindan elde edilen OKO degerleri
yiiksektir. Bu agidan 8 nitelik kosulunda, uzun testlerin ve yiiksek ayirt edicilikte maddelerden
olusan bankalarin kullanilmasi 6l¢gme dogrulugunu artiracaktir. Xu ve digerleri (2003) DINA
modele gore 5 ve 8 nitelik diizeyinde madde se¢im algoritmalarinin driintii koruma oranlarini
inceledigi calismada nitelik sayisi arttikga algoritmalarin Griintii koruma oranlarinin azaldigini
belirtmistir. Wang (2013) calismasinda, 5 ve 8 nitelik diizeyinde madde se¢im algoritmalarini,
nitelik ve Oriintii koruma oranlar1 agisindan degerlendirilmis ve nitelik sayisinin artirilmasinin,
nitelik ve orlintii koruma oranlarini azalttigini ifade etmistir. Xu ve digerleri (2003) ve Wang
(2013) tarafindan yapilan ¢aligmalardan elde edilen bulgularla, bu ¢alismadan elde edilen
bulgular benzerlik gostermektedir. DINO modele gore yapilan simiilasyon ¢alismasindan da

benzer sonuglar elde edilmistir.

DINA ve DINO model i¢in gerceklestirilen simiilasyon ¢alismasinda tiim kosullarda,
JSD algoritmasimnin 6lgme dogrulugunun, diger algoritmalardan elde edilen Olgme
dogrulugundan az da olsa daha yiiksek oldugu goriilmiistiir. Wang (2013) kisa testler i¢in, M1
algoritmasini, SHE, PWKL ve KL algoritmalariyla karsilastirdigi calismasinda, MI
algoritmasinin NKO ve OKO degerlerinin PWKL algoritmasindan elde edilen degerlerden
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daha yiiksek oldugunu belirtmistir. Yigit ve digerleri (2019), MC-DINA model kullanarak

yaptiklar1 ¢alismada, JSD algoritmasinin  6lgme dogrulugunun, GDI ve PWKL
algoritmalarindan elde edilen 6l¢me dogrulugundan daha yiiksek oldugunu belirtmistir. Zheng
ve Chang (2016), 5 nitelik diizeyinde, DINA modele gore yaptiklar1 ¢alismada, PWCDI
algoritmasindan elde edilen 6l¢cme dogruluk degerlerinin PWKL algoritmasindan daha yiiksek
oldugunu, kisa testlerde MI algoritmasinin dlgme dogruluk degerlerinin bu algoritmalardan
daha yiiksek uzun testlerde ise bu algoritmalarinin 6lgme dogruluklarinin benzer oldugunu
belirtmistir. Kaplan ve digerleri (2015) yaptiklar1 ¢alismada, GDI algoritmasindan, PWKL
algoritmasina gore daha yiiksek 6lgme dogruluk degerleri elde edildigini belirtmistir. Bu
caligmadan elde edilen bulgularin, Wang (2013), Kaplan ve digerleri (2015), Zheng ve Chang
(2016) ve Yigit ve digerleri (2019) tarafindan elde edilen bulgularla ortiistiigii soylenebilir.

Madde se¢im algoritmalarinin performanslart kullanilan biligsel tan1 modeline gore
degerlendirildiginde, PWKL algoritmasi disindaki algoritmalarin 6lgme dogruluk degerleri
her iki model i¢in birbirlerine ¢ok yakindir. Ancak DINO modele gore gergeklestirilen
caligmada, 8 nitelik sayisinda, PWKL algoritmasindan elde edilen 6lgme dogruluk degeri,
DINA modelden elde edilene degerlere gore onemli dlgiide diisiiktiir. Bu durumda, DINO
modelde, nitelik sayisinin yiiksek oldugu durumlarda, PWKL algoritmasinin 6l¢gme dogrulugu
acsindan performansinin, diger algoritmalara gore onemli Olgiide daha diisiik oldugu

sOylenebilir.
Sonu¢

Bu ¢alisgmanin amaci, DINA ve DINO modelde, farkli madde kalitesi, farkli nitelik sayilarinda
ve farkl sabit test uzunlugu sonlandirma kurali diizeylerinde, madde se¢im algoritmalarinin

performanslarini 6lgme dogrulugu 6l¢iitiine gore incelemektir.

Caligmada, madde bankasinda yer alan maddelerin ayirt edicilik giicleri arttikga,
madde se¢im algoritmalarinin 6lgme dogrulugunun Onemli Olglide arttigi sonucuna
ulagilmistir. Ayrica, test uzunlugu arttikca algoritmalarin 6lgme dogruluklar: artarken, nitelik
sayisinin artmastyla algoritmalarin 6lgme dogruluklar azalmaktadir. 8 nitelik sayisinda, 24
test uzunlugunda ve yliksek ayirt edici maddelerden olusan bankalarin oldugu ¢alismalarda,
tiim madde sec¢im algoritmalar1 kullanilabilir. Nitelik sayis1 5 oldugunda ise, yliksek madde
kalitesinde, 16 ve 24 test uzunluklarinda, algoritmalarin 6l¢gme dogruluklar: 1°e yaklastigindan
dolayr algoritmalarin kullanilmas1 Onerilmektedir. Tiim kosullarda en yiiksek Olgme
dogrulugu degerleri JSD algoritmasindan elde edilmistir. PWKL algoritmasindan elde edilen

olgme dogruluk degerleri ise az da olsa diger algoritmalara gore daha diisiiktiir. Caligmada,
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PWKL algoritmas1 disindaki algoritmalarin performanslar1 ise tiim kosullarda yaklagik

aynidir. MI algoritmasindan, ¢cok az da olsa GDI ve PWCDI algoritmasina gore daha ytiksek
0l¢me dogruluk degerleri elde edilmistir. Calismadan elde edilen bir bagka sonug ise, PWKL
algoritmas1 diginda diger madde se¢im algoritmalarinin performanslari DINA ve DINO
modeller i¢in benzerdir. Ozellikle DINO modelde ve nitelik say1s1 yiiksek oldugunda PWKL

algoritmasinin kullanilmasi 6nerilmemektedir.

Bu calismada madde kalitesi, nitelik sayis1 ve sonlandirma kurali olarak sabit test
uzunlugu ele alinmistir. Benzer bir ¢calisma, sonlandirma kurali olarak degisken test uzunlugu
kullanilarak da gerceklestirilebilir. Calisma kapsaminda tamamlayici olmayan ve tamamlayict
modellerden DINA ve DINO modeller kullanilmistir. Her iki model kisitlayici modellerdir.
Benzer caligsmalar genellestirilmis modeller (6rnegin GDINA, GDM) kullanilarak da
gerceklestirilebilir. Bu galismada madde se¢im algoritmalar1 dlgme dogruluklar: (OKO ve
NKO) acisindan degerlendirilmistir. Benzer bir ¢alisma hesaplama siiresi, madde kullanim
sikligt vb. degerlendirme oOlgiitleri kullanilarak, algoritmalarin performanslarinin daha

biitiinciil degerlendirilmesi i¢in gergeklestirilebilir.

Etik Kurul Izin Bilgisi: Bu arastirma simulatif bir ¢alisma oldugundan, "Etik Kurul Izni

gerektiren" arastirmalar arasinda yer almamaktadir.

Yazar Cikar Catismasi Bilgisi: Yazarlar arastirma, yazarlik ve/veya bu makalenin

yvayinlanmasiyla ilgili olarak herhangi bir ¢ikar ¢atismasi beyan etmemistir.

Yazar Katkasi: Tiim asamalarda yazarlar ortak katki sunmugtur.
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Introduction

In education, cognitive diagnostic assessments are model-based and based on formative
assessment (Embretson, 2001). In recent years, many cognitive diagnostic models have been
developed. The primary purpose of cognitive diagnostic assessment is not to make a
summative assessment. Its main purpose is to identify the examinee's strengths and
weaknesses in detail, provide effective and descriptive feedback to the examinees, reveal the
learning profiles of the examinees, and facilitate their learning of them.

The cognitive diagnostic model (CDM) is a discrete latent variable model that allows
diagnosing the steps required to solve the problem in a test or the presence or absence of many
skills (de la Torre, 2009). The purpose of CDM is to reveal the skills that the examinee has
and does not have. Unlike the item response theory (IRT), CDM expresses attributes that
examinees have mastered or not with a cognitive pattern consisting of 1-0. There are many
cognitive diagnostic models, and these models are classified in three different ways:
complementary, non-complementary, and general. In complementary models, the examinee
must have mastered at least one of the item's attributes to respond to the item correctly. In
non-complementary models, on the other hand, the examinee must have mastered all attributes

measured by the item to respond to the item correctly.

Firstly, in cognitive diagnostic assessments, attributes are determined, and items are
written according to these attributes. After the items are written, a Q matrix is yielded. In the
Q matrix, the rows contain the items and the columns the attributes. Cells corresponding to
the attributes that the item measures are coded 1 and 0 otherwise. Thus, the attributes that each

item measures are determined.

DINA (deterministic-input, noisy-and-gate) (Haertel, 1989; Junker & Sijtsma, 2001)
and DINO (deterministic-input, noisy-or-gate) (Templin & Henson, 2006) are common and
well known restrictive cognitive diagnostic models. The DINA is a non-complementary model
and has a conjunctive condensation rule. Namely, an examinee must mastered all the attributes
measured by the item in the Q matrix to answer that item correctly. If the examinee does not
have mastered any of the attributes required in the Q matrix, it is assumed that the examinee
will answer the item incorrectly. In the DINA model, two different parameters, guessing (g)
and slipping (s), are estimated for each item. The parameter g indicates the probability of
responding correctly to the item when the examinee does not have mastered all the attributes
measured by the item, and the parameter s indicates the probability of the examinee giving an
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incorrect answer to the item when they have all the attributes measured by the item defined in

the Q matrix (Rupp, Templin, & Henson., 2010).

In the DINA model, the probability that examinee i responds the item j correctly is

given in Equation 1.
.. 1-1mg;
mij = P(Xy; = 1|a;) = (1 —s)"g, " D

In Equation 1, a; refers to a cognitive pattern of examinee i, 1;; = [T-, /¥ refers latent
response pattern and g is guessing parameter, s is slipping parameter. To illustrate, when n;; =

1, the probability of the examinee answering the item correctly is given in Equation 2.
o 1-mg5 -
(M) = A -s)hig; " = (1—s)'g} =1~ ) 2

The DINO model is complementary of the DINA model. The DINO model has a
disjunctive condensation rule that indicates whether at least one required attribute has been
mastered (Rupp et al., 2010). If the examinee has mastered any required attribute measured
by the item defined in the Q matrix, the examinee will answer the item correctly. If the
examinee has not mastered all of the required attributes, it is assumed that the examinee will
answer the item incorrectly. In other words, mastering any required attributes completes the
deficiency of the other required attributes. In the DINO model, just like the DINA model, two
parameters are estimated for each item: guessing and slipping.

In the DINO model, the probability that examinee i responds the item j correctly is

given in Equation 3.

T = P(Xl-j =1|a;) =1 - sj)“’ifg;_wij (3)

In Equation 3, a;, represents the cognitive pattern of the examinee, w;; =1 -
K_ (1 —a;,)%*, latent response pattern, g, guessing parameter, and s, slipping parameter.

Cognitive Diagnostic Computerized Adaptive Testing

CD-CAT is a combination of cognitive diagnosis (CD) and computerized adaptive testing
(CAT). While examinees are located at a point on the latent continuum in CAT, diagnostic
feedback is not given to examinees. On the contrary, CD-CAT aims to classify examinees
according to their latent states and to employ latent class models on these latent classes
(Cheng, 2009).
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CD-CAT has similar stages to CAT. As in CAT, Firstly, the first item is selected. The

selected item is applied to examinees, and their cognitive patterns are estimated. The next item
is selected from the item bank through item selection algorithms for the estimated cognitive
pattern for each examinee and applied. This process continues until the termination rule is
satisfied. After the termination rule is satisfied, the examinees’ final cognitive patterns are

estimated, and CD-CAT ends.

In traditional CAT, Maximum Fisher Information (MFI) is one of the most popular
item selection algorithms (Thissen & Mislevy, 2000). However, MFI cannot be applied in
CD-CAT because of being affected by chance success, insufficient for ability estimation in
short tests, and cannot be used in discrete latent classifications. In the literature, Kullback-
Leibler Information (Xu, Chang & Douglas, 2003), Shannon Entropy (Tatsuoka, 2002;
Tatsuoka & Ferguson, 2003), Posterior Weighted Kullback-Leibler Information (PWKL) and
Hybrid Kullback-Leibler Information (HKL) (Cheng, 2009), Mutual Information (MI) (Wang,
2013), Modified Posterior Weighted Kullback-Leibler Information (MPWKL) and GDINA
Discrimination Index (GDI) (Kaplan, de la Torre & Barrada, 2015), Posterior Weighted
Cognitive Discrimination Index (PWCDI) and Posterior Weighted Attribute-Level Cognitive
Discrimination Index (PWACDI) (Zheng & Chang, 2016) and Jensen-Shannon Divergence
(JSD) (Minchen & de la Torre, 2016) algorithms seem to be applied in single-purpose CD-
CAT for item selection. The following section briefly explains the item selection algorithms

used in this study.
Posterior Weighted Kullback-Leibler Information (PWKL)

Due to the low efficiency of the KL algorithm, Cheng (2009) developed the PWKL algorithm
by multiplying the KL information with the posterior weight corresponding to this information
to quantify the contribution of each cognitive pattern to the KL algorithm. The PWKL

algorithm is mathematically given in Equation 4. Equation 4 is

Ay — v2K 1 P(Xij=x|6‘\l) R PN
PWKL; (@) = Zc=1{2x=0 [log <_P(Xij — x|ac) P(XU - xlal) mw(ag|xe-1) (4)
where K is the number of the total attribute, P(Xl-j = x|ac) is probability value of response x

of examinee i to item j for cognitive pattern a, and m(a.|x;—,), is the posterior weight of

cognitive patterns after (t-1) items are applied.
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Mutual Information (MI) Index
The M1 algorithm developed by Wang (2013) is defined as the equivalent of the KL distance
between successive posterior distributions. The equation for the MI algorithm is given in
Equation 5.
P(X;; = x|a

( Y | C)) (5)

P(Xij=x)

K
Ml = e=1mi(aclxe_q) Zglczop(Xij = x|ac) 10g<

Jensen-Shannon Divergence (JSD)

The JSD (Minchen & de la Torre, 2016) measures the relative entropy between the joint
distribution of two random distributions and the product of their marginal distributions (Yigit,
Sorrel, & de la Torre, 2019). The item with the maximum JSD value is selected as the next

item. The equation for the JSD algorithm is given in Equation 6.
JsD; = S(B; x ') = 52" S (i) (6)

In Equation 6, H refers to the number of options,S(P;. ), Shannon entropy, P;, H x 2X matrix

and m, posterior probability weight.
Posterior Weighted Cognitive Discrimination Index (PWCDI)

Zheng and Chang (2016) developed the PWCDI algorithm by including posterior probability
distributions of cognitive patterns in the cognitive discrimination index (CDI). The KL
information among the response distributions of possible cognitive patterns is stored in D
matrix, which dimension is the 2¥x2X. In the PWCDI algorithm, the posterior probability
distributions of the cognitive patterns are included in the D matrix to obtain the PWD matrix.
In this respect, it is similar to the PWKL algorithm, but unlike the PWKL algorithm, rows and

columns in the matrix are weighted. The PWD matrix is given by Equation 7.

o P(Xj|a)
PWDjy, = Eq4 |m(ay) X m(a,) X log P [ay) (7)

PWCDI algorithm is presented by Zheng and Chang (2016) in Equation 8 as;

PWCDI; = ;Zu;tv h(aw av)_l PWDqu (8)

;T Yuzv h(ay,ay)?

where h(a,, a,) = YX_.|ay — ayi| is hamming distance between two cognitive pattern.
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Purpose and Significance of the Study
The key case in CD-CAT studies is item selection algorithms (Cheng, 2009). Hsu and Wang
(2015) stated that good item selection increases measurement accuracy in CD-CAT. Many
new item selection algorithms have been developed for CD-CAT in recent years. However,
there are not enough studies evaluating the performance of these item selection algorithms in

different models and under different conditions in terms of measurement accuracy.

The purpose of this study is to analyze the performance of item selection algorithms
(GDI, JSD, MI, PWCDI, PWKL) for DINA and DINO models at various test lengths (8, 16,
and 24), item quality levels (low and high) and several attributes (5 and 8) to evaluate their
performance in terms of measurement accuracy (pattern recovery rate and attribute recovery
rate). For this purpose, it is thought to help practical applications by revealing which item

selection algorithms obtained the highest measurement accuracy in the conditions determined.
Method
Research Model

This study aims to examine the performance of item selection algorithms in CD-CAT in terms
of measurement accuracy according to the model, number of attributes, item quality, and test
length. In this respect, this study is theoretical research since it is aimed to examine the pattern

and attribute recovery rates of item selection algorithms according to various factors.
Factors Manipulated in the Research

Analysis Model: The DINO model was used as a complementary CDM in the study, and the
DINA model was used as a non-complementary CDM. The main reasons for choosing both
models are complementary and non-complementary models; they are frequently preferred in
practice and easy to calculate. Ease of computation is a desirable feature in adaptive testing.

Item quality: In the study, item quality was manipulated as low and high. The parameters used
by Zheng and Chang (2016) were used to generate the item parameters. For both models, the
g and s parameters were generated from a uniform distribution of U(0.05-0.25) for high item
quality and U(0.10-0.30) for low item quality.

The number of attributes: In the literature, Cheng (2009) and Wang (2013) stated that 5
attributes are medium, and von Davier (2005) stated that the number of attributes should be 8

at most in practice. In this study, the number of attributes was manipulated as 5 and 8, as
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medium and high. In addition, each item was limited to measuring a maximum of 4 attributes

to provide similarity with real applications.

Test length: DiBello, Roussos, & Stout (2007) stated that CD-CAT studies are frequently
used for formative evaluation in classroom assessments, and test lengths should be short. In
this respect, the test lengths were manipulated as 8, 16, and 24 by considering the number of

attributes.

Item Selection Algorithms: PWKL (Cheng, 2009), MI (Wang, 2013), GDI (Kaplan et al.,
2015), PWCDI (zZheng & Chang, 2016), and JSD (Minchen & de la Torre, 2016) item

selection algorithms were used.
Data Generation and Data Analysis

Generation and analysis of data in the study was carried out using R 3.6.3 (R Core Team,
2020) software. The GDINA package (v2.8; Ma & de la Torre, 2020) was used to generate
the data, and the ggplot2 (v3.3.2; Wickham, 2016) package was used to generate the graphs.
Other codes were written by the researchers in R 3.6.3 (R Core Team, 2020) software.

Item bank and generation cognitive pattern of examinees: Stocking (1994) reported that the
item bank should be at least 12 times the test length. Therefore, two different item banks
consisting of 500 items were generated for five and eight attributes. The Q matrix was
constructed as each attribute has a 30% chance of being measured by the item. The Q matrix
was generated item by item and attribute by attribute. In addition, each item in the Q matrix
was limited to measure at least one attribute and at most four attributes to ensure similarity to
real applications. Thus, there are 30 different cognitive patterns for five attributes and 162
different cognitive patterns for eight attributes in the Q matrix. Cognitive patterns of 3000
examinees were generated for the five-attributes and eight-attributes test separately, with each
examinee having a 50% probability of achieving each attribute. 1-0 data were generated in
respect to generated cognitive patterns of the examinees and the Q matrix. Then, the
probability of answering the items correctly was calculated for each cognitive pattern for the
DINA and DINO models.

In Table 1, the number of items measuring each attribute and the number of examinees
with the attribute is given for five and eight attributes. As can be seen from Table 1, the number
of items measuring each attribute is approximately equal since the Q matrix is composed of
the item by item and the attribute by attribute. As is shown in Table 1, for K=5, the number
of items measuring the first attribute is 169, the second attribute is 179, the third attribute is
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185, the fourth attribute is 189, and the fifth attribute is 182. A similar distribution is valid for

K=8. From Table 1 it can be seen that the number of examinees at each attribute is
approximately equal for K=5 and K=8. This is because each examinee is limited to a 50%

probability of achieving each attribute in the generation of examinees.

Table 1. The number of items measures each attribute, and examinees have mastered each
attribute for K=5 and K=8

Attributes

K=5 1 2 3 4 5

Number of Items
(J=500)

169 179 185 189 182

Number of Examinees
(N=3000)

1493 1543 1492 1495 1499

K=8 1 2 3 4 5 6 7 8

Number of Items
(J=500)

156 133 135 161 146 153 154 170

Number of Examinees
(N=3000)

1493 1503 1524 1547 1475 1494 1450 1509

Note: K, number of attributes, J, number of items in item bank, N, number of examinees

In Table 2, the distribution of the items measuring the number of possible attributes
and the examinees for 5 and 8 attributes are given. In the item bank, since each item is limited
to measure at least one attribute and at most four attributes, no item measures more than four
attributes. When Table 2 is examined, it is seen that items are measuring one (204) and two
attributes (203) at the most at the level of five attributes, while the number of items measuring
three attributes is 78 and the number of items measuring four attributes is 15. Some items
measure at most two attributes (168) for K=8. The number of items measuring one attribute
is 105, the number of items measuring three attributes is 141, and the number of items
measuring four attributes is 86. While the number of examinees with no attribution for K=5
is 97, it is 6 for K=8.
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Table 2. Distribution of examinees with items and attributes measuring the number of

possible attributes at the 5 and 8 attribute levels

Attributes

Attribute Number 0 1 2 3 4 5
(K=5)

Item Number (J=500) 0 204 203 78 15 0

Examinee Number
(N=3000)

97 449 942 955 461 96

Attribute Number
(K=8)

Item Number (J=500) 0 105 168 141 86 0 0 0 0

Examinee Number
(N=3000)

6 86 334 665 834 658 312 92 13

Note: K, number of attributes, J, number of items in item bank, N, number of examinees

First item selection: CD-CAT application starts with the first item selected. In this study, the
first item was selected randomly, and the randomly selected item was used as the first item in
all algorithms to evaluate the item selection algorithms under equal conditions.

Estimation of cognitive pattern: CD-CAT applications are frequently used in classroom
assessments. The length of the tests administered during the course is usually short. In this
case, the probability of examinees who respond correctly (1) to all items or incorrectly (0) to
all items may be high. When the response patterns of examinees are all 0 or 1, the maximum
likelihood estimation (MLE) method cannot make an accurate prediction. For this reason, the
cognitive patterns of examinees were estimated by the maximum a posteriori (MAP)

estimation method in the study.

Evaluation criteria: In this study, item selection algorithms' performance was evaluated at the
levels of attribute and pattern. At the attribute level, the item selection algorithms' attribute
recovery ratios (ARR) and at the cognitive pattern level, the pattern recovery rates (PRR) were

calculated. ARR and PRR were calculated with Equation 9 and Equation 10.
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CD-CAT process: In the study, after generating the Q matrix, cognitive patterns of examinees,
and responses of examinees to the items, the probability of each pattern responding correctly
to the item was calculated. After this stage, the CD-CAT was started. In the CD-CAT, the
randomly selected starting item was applied to all examinees, and the possible cognitive
patterns of each examinee were estimated using the MAP method. Then, the selected item by
the item selection algorithm for each examinee was applied as the next item. This process is
repeated until the termination rule is satisfied. When CD-CAT was completed, the ARR and
PRR of each item selection algorithm were calculated under all conditions. Tables and plots

were created for these obtained values
Findings

Findings on the pattern recovery rates of item selection algorithms in the DINA Model,

according to item quality and many attributes in fixed test length termination rule.

In Table 3, the pattern recovery rates of the item selection algorithms according to the DINA
model are given at the factor levels in the research. In addition, these ratios are given

graphically in Figure 1.
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Table 3. Pattern Recovery Rates of Item Selection Algorithms by DINA Model

item Number Item Selection Algorithms
Model - K iy ©F GDI 1D MI  PWCDI PWKL
Items
8 0644 0699 0644 0638 0612
Low 16 0909 0921 0917 0914 0,910
24 0978 0989 0982 0979 0975
’ § 0808 085 084 0799 0773
High 16 0980 0985 0987 0982 0976
24 0999 0999 0998 0997 0999
DINA
§ 0254 0343 0256 0248 0207
Low 16 0647 0676 0655 0647 0,638
24 0866 0876 0869 0867 0,864
’ § 0399 0560 0394 0392 0,308
High 16 0857 0881 0859 085 0836
24 0971 098 0971 0973 0971
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Figure 1. Pattern Recovery Rates of Item Selection Algorithms by DINA Model
When Table 3 and Figure 1 are examined together, it can be seen that the PRR values

of the item selection algorithms decrease significantly as the number of attributes measured

by the item increases. In all conditions, PRR values for K=5 are higher than for K=8. However,
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in cases where the test termination rule is 24 items and the item quality is high, the PRR values

of the algorithms at the 5 and 8 attribute levels draw near 1.

When 8 test lengths are used as the termination rule, the PRR of algorithms with low
item quality varies between 0.612 - 0.699 for 5 attribute levels and 0.855 - 0.975 for high item
quality.

As the test length increases, the PRR values of the algorithms increase at different item
quality levels. The PRR values of the item selection algorithms are close to 1 in all low and
high item quality levels, with 24 test lengths and 5 attribute levels. At the 8 attribute level, it
can be said that the PRR values are close to 1 only when the item quality is high and the 24
test length termination rule. It can be seen in Figure 1 that the pattern recover PRR of the item
selection algorithms is close to 1 when the item quality is high, and the test length is 16 at 5
attribute level. According to Table 3, it is seen that the highest PRR values were obtained from
the JSD algorithm, and the lowest PRR values were obtained from the PWKL algorithm in all
conditions. The PRR values of other algorithms are very close to each other.

Findings on the attribute recovery rates of item selection algorithms in the DINA Model,

according to item quality and number of attributes, in fixed test length termination rule

In Table 4, the attribute recovery rates of the item selection algorithms according to the DINA
model at the factor levels in the research. In addition, these ratios are given graphically in
Figure 2.

When Table 4 and Figure 2 are examined together, it is seen that the ARR values of
the item selection algorithms increase as the test length increases; the ARR values of the item
selection algorithms are approximately 1.00 when the test length is 24 and the item quality is
high while the test length is 24. The item quality is low. These values seem to be 1 at 5 attribute
level and close to 1 at 8 attribute level. It can be said that the ARR values of the JSD algorithm
are slightly higher than the other algorithms.
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Table 4. Attribute Recovery Rates of Item Selection Algorithms by DINA Model

Number Algorithms
Item
Model K of
Quality GDI JSD M PWCDI PWKL
Items
8 0,906 0,922 0,907 0,9 0,891
Low 16 0,978 0,982 0,98 0,978 0,978

24 0,995 0,998 0,996 0,995 0,994

5
8 0,954 0,964 0,955 0,948 0,939
High 16 0,995 0,997 0,997 0,995 0,994
24 1,00 1,00 1,00 0,999 1,00

DINA

8 0,826 0,846 0,825 0,812 0,819
Low 16 0,936 0,942 0,937 0,931 0,932
24 0,978 0,98 0,978 0,977 0,976

8

8 0,881 0,91 0,88 0,871 0,861
High 16 0,977 0,981 0,978 0,975 0,972

24 0,996 0,997 0,996 0,996 0,996
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Figure 2. Attribute Recovery Rates of Item Selection Algorithms by DINA Model

Findings on the pattern recovery rates of item selection algorithms in the DINO Model,

according to item quality and number of attributes, in fixed test length termination rule

In Table 5, the PRR of the item selection algorithms according to the DINO model at the factor
levels in the research. In addition, these ratios are given graphically in Figure 3.



S. Asiret, & S. Omiir Siinbiil / Pamukkale University Journal of Education, 54, 188-214, 2022 203
Table 5. Pattern Recovery Rates of Item Selection Algorithms According to DINO Model

Number Algorithms
Item
Model K ) of
Quality ltems GDI JSD MI PWCDI PWKL

8 0,644 0,689 0,645 0,637 0,511

Low 16 0,911 0,921 0,909 0,912 0,851

24 0,982 0,984 0,983 0,981 0,968

5
8 0,819 0,858 0,819 0,81 0,663
High 16 0,986 0,988 0,987 0,984 0,962
24 0,998 0,999 0,999 0,997 0,997

DINO

8 0,247 0,348 0,25 0,254 0,124
Low 16 0,642 0,66 0,64 0,641 0,341
24 0,861 0,884 0,868 0,863 0,579

8

8 0,396 0,56 0,394 0,398 0,167
High 16 0,844 0,876 0,853 0,854 0,46

24 0,972 0,973 0,973 0,966 0,719

When Figure 3 is examined, it can be said that as the test length and item quality
increase, the PRR values of the item selection algorithms increase, as in the DINA model, and
the PRR values of the item selection algorithms decrease when the number of attributes

increases.
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Figure 2. Pattern Recovery Rates of Item Selection Algorithms According to DINO Model

According to Table 5, the PRR values of the algorithms at 5 attribute levels, low item
quality and 8 test lengths vary between 0.511 - 0.689 and between 0.663 - 0.858 for high item
quality. At 8 attribute level, 8 test length, and low item quality, PRR values range from 0.124
to 0.348; at high item quality, it ranges from 0.167 to 0.56. When the termination rule is 24
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test length, the PRR values of the algorithms at the 5 attribute level are close to 1. At the 8

attribute level and high item quality, the PRR values of other algorithms except the PWKL
algorithm are close to 1, while these values vary between 0.589 and 0.884 at low item quality.
The range of PRR of the item selection algorithms is so wide because the PWKL algorithm
has significantly lower PRR values than other algorithms. Especially at the 8 attribute level,
the PRR of the PWKL has decreased significantly compared to the 5 attribute level. In all
conditions, the PRR of the JSD is higher, while the PRR of the PWKL is the lowest. The PRR
of the algorithms other than the PWKL algorithm is close to the PRR of the JSD algorithm.

Findings on the attribute recovery ratios of item selection algorithms in fixed test length

termination rule according to item quality and several attributes in the DINO model.

In Table 6, the attribute recovery rates of the item selection algorithms according to the DINO
model at the factor levels in the research are given. In addition, these ratios are given

graphically in Figure 4.

When Table 6 and Figure 4 are examined, it can be said that the ARR obtained in the
DINO model are similar to the ARR obtained in the DINA model, except for the PWKL
algorithm. While the ARR values of the algorithms with low item quality and 5 attribute levels
are higher at all test lengths, it can be said that the ARR of the algorithms are close to 1 when
the item quality increases, except for the PWKL algorithm with 24 test lengths. According to
Figure 4, it can be said that with the increase in the number of attributes, the ARR of the

PWKL algorithm decreases more than the ARR of other algorithms.

Table 6. Attribute Recovery Rates of Item Selection Algorithms According to DINO Model

Number Algorithms
Item
Model K ) of
Quality ltems GDI JSD Ml PWCDI PWKL

8 0,906 0,921 0,906 0,9 0,821
Low 16 0,979 0,981 0,978 0,977 0,958

DINO 5
24 0,996 0,996 0,996 0,995 0,992

High 8 0,957 0,966 0,956 0,952 0,886
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16 0,997 0,997 0,997 0,996 0,99
24 1 1 1 0,999 0,999
8 0,814 0,846 0,813 0,812 0,622
Low 16 0,933 0,938 0,933 0,931 0,743
24 0,977 0,981 0,978 0,975 0,858
8 0,875 0,906 0,873 0,861 0,635
High 16 0,975 0,98 0,976 0,974 0,797

24 0,996 0,996 0,996 0,995 0,91
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Figure 3. Attribute Recovery Rates of Item Selection Algorithms According to DINO Model
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Analysis of pattern recovery rates of item selection algorithms according to DINA and

DINO models

PRR of item selection algorithms according to 5 attribute levels at different item quality levels
and test lengths for DINA and DINO models are shown in Figure 5, and PRR values of item
selection algorithms according to 8 attribute levels are shown in Figure 6. When Figures 5 and
6 are examined, it is seen that the PRR values obtained from other algorithms except the
PWKL algorithm are approximately the same in both DINA and DINO models under all
conditions. It is seen that the PRR values obtained from the PWKL algorithm are lower in the
DINO model than in the DINA model.
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Figure 4. The PRR values of the item selection algorithms according to the DINA and DINO
model when the number of attributes is 5.
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Figure 5. Graph 6. The PRR values of the item selection algorithms according to the DINA
and DINO model when the number of attributes is 8.
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Discussion

When the PRR and ARR values of the item selection algorithms are examined according to
the DINA model, the PRR and ARR values of the algorithms increase as the test length and
item quality increase and decrease as the number of attributes increases. These findings are
parallel with the findings obtained by Cheng (2009), Wang (2013), Kaplan et al. (2015),
Zheng and Chang (2016), Yigit et al. (2019). Since the PRR values of the item selection
algorithms are close to 1 when the test length is 16, at the number of 5 attributes, and at the
high item quality level, all algorithms with a test length of 16 for 5 attribute level can be
preferred in terms of measurement accuracy. In low item quality, although high measurement
accuracy was obtained from item selection algorithms in 16 test lengths, these values were
found to be lower than high item quality. In this respect, when a bank consisting of low-quality
items is used, longer tests should be used for more accurate classification, when the number
of attributes is 8, the PRR values of the item selection algorithms decrease. The highest PRR
value was found to be 0.876, even at 24 test lengths, especially in banks with items with low
item discrimination. From this point of view, when the number of attributes increases, the
discrimination of the items in the item bank should also be high. PRR values obtained from
item selection algorithms are high at 8 attribute level, high item quality, and 24 test length
termination rules. In this respect, the use of long tests and banks with highly discriminated
items will increase measurement accuracy under 8 attribute level. Xu et al. (2003) stated that
the pattern recovery rates of the algorithms decreased as the number of attributes increased in
their study in which they examined the pattern recovery rates of item selection algorithms at
the 5 and 8 attribute levels according to the DINA model. Wang (2013) examined item
selection algorithms at 5 and 8 attribute levels in terms of attribute and pattern recovery rates
and stated that increasing the number of attributes decreases the attribute and pattern recovery
rates. Findings by studies of Xu et al. (2003) and Wang (2013) are similar to the findings
obtained from this study. Similar results were obtained from the simulation study performed
according to the DINO model.

In the simulation study performed for DINA and DINO models, it was observed that
the measurement accuracy of the JSD algorithm was slightly higher than the measurement
accuracy obtained from other algorithms under all conditions. Wang (2013) in his study
comparing Ml algorithm with SHE, PWKL, and KL algorithms for short tests, stated that the
ARR and PRR values of the M1 algorithm are higher than the values obtained from the PWKL
algorithm. Yigit et al. (2019), in their study using the MC-DINA model, stated that the
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measurement accuracy of the JSD algorithm is higher than the measurement accuracy

obtained from the GDI and PWKL algorithms. Zheng and Chang (2016) found that the
measurement accuracy values obtained from the PWCDI algorithm were higher than the
PWKL algorithm in their study, which they carried out according to the DINA model at 5
attribute level. They also concluded that in the short tests, the measurement accuracy values
of the MI algorithm are higher than these algorithms, and in the long tests, the measurement
accuracy of these algorithms is similar. In their study, Kaplan et al. (2015) stated that higher
measurement accuracy values were obtained from the GDI algorithm than the PWKL
algorithm. Findings from this study correspond to the findings obtained by Wang (2013),
Kaplan et al. (2015), Zheng and Chang (2016), and Yigit et al. (2019).

When the performances of the item selection algorithms are evaluated according to the
cognitive diagnostic model used, the measurement accuracy values of the algorithms other
than the PWKL algorithm are very close to each other for both models. However, in the study
carried out according to the DINO model, the measurement accuracy value obtained from the
PWKL algorithm in 8 attribute level is significantly lower than the values obtained from the
DINA model. In this case, it can be said that the performance of the PWKL algorithm in terms
of measurement accuracy is significantly lower than other algorithms in the DINO Model

when the attribute level is high.
Conclusion

This study aims to examine the performance of item selection algorithms in DINA and DINO
models, with different item quality, different number of attributes, and different fixed test

length termination rule levels, according to the measurement accuracy.

In the study, it was concluded that as item discrimination of items in the bank is
increased, the measurement accuracy of the item selection algorithms increased significantly.
In addition, as the test length increases, the measurement accuracy of the algorithms increases,
while the measurement accuracy of the algorithms decreases with the increase in the number
of attributes. All item selection algorithms can be used in studies with banks with 8 attribute
levels, 24 test lengths, and high item discrimination. When the number of attributes is 5, it is
recommended to use algorithms with high item quality, 16 and 24 test lengths, since the
measurement accuracy of the algorithms approaches 1. In all circumstances, the highest values
of measurement accuracy were obtained from the JSD algorithm. The measurement accuracy
values obtained from the PWKL algorithm are slightly lower than other algorithms. In the

study, the performances of the algorithms except the PWKL algorithm are approximately the
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same in all conditions. The measurement accuracy values obtained from the Ml algorithm were

slightly higher than the GDI and PWCDI algorithms. Another result drawn from the study is
that the performances of other item selection algorithms are similar for DINA and DINO
models except for the PWKL algorithm. It is not recommended to use the PWKL algorithm,

especially in the DINO model and when the number of attributes is high.

This study considered item quality, number of attributes, and fixed test length as
termination rules. A similar study can be performed using variable test length as the
termination rule. DINA and DINO models, which are non-complementary and
complementary, were used within the scope of the study. Both models are restrictive. Similar
studies can be performed using generalized models (e.g., GDINA, GDM). This study
evaluated item selection algorithms in terms of measurement accuracies (ARR and PRR). A
similar study can be performed for a more holistic evaluation of the performances of

algorithms using evaluation criteria such as calculation time, item exposure, etc.
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