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One Cikanlar

e Bu c¢alisma, Kuzey Kibris'ta uygulanan Kolej Giris Sinavi (KGS)
matematik alt testinin bilissel yapisini, DINA modeli ile incelemistir.

e Maddeler, olglilmek istenen becerilerle iyi uyum saglamis ve test
yapisi gegerlidir.

e  Olusturulan Q matris, testin bilissel yapisini dogru yansitmaktadir.

o DINA modeline dayal betimsel istatistikler, 6grencilerin farkl biligsel
ozelliklerdeki yeterlik diizeylerinin degiskenlik gbsterdigini ortaya
koymustur.

0z

Ogrencilerin  bilissel becerilerinin dogru ve kapsamli bir sekilde

degerlendirilmesi, hem bireysel 6grenme siireglerinin desteklenmesi hem

de egitim sisteminin kalitesinin artirilmasi agisindan biyiik 6nem
tasimaktadir. Bu dogrultuda, egitim politikalarinin gelistirilmesi ve
6gretim programlarinin iyilestirilmesi icin etkili degerlendirme araglarinin
kullanilmasi gerekmektedir. Bu ¢alisma, 2021 yilinda 1.833 besinci sinif
ilkokul 6grencisine uygulanan KGS’deki matematik alt testinin
psikometrik 6zelliklerini ortaya koymayi amaglamaktadir. Analizlerde,

DINA bilissel tani modeli tercih edilmistir. DINA modelinin teorik altyapisi,

diger modellere kiyasla hem basit hem de saglam bir yapi sunmaktadir.

Testte yer alan 23 matematik maddesi igin, uzman goriislerine

dayanilarak 15 bilissel ézellik igeren bir Q matrisi olusturulmustur. Elde

edilen bulgular, g ve s parametrelerinin ortalama degerlerinin sirasiyla

0,25 ve 0,13 oldugunu gdstermektedir. Ayrica, besinci sinif égrencilerinin

6 degerlerinin ortalamasinin yiiksek oldugu (0,73) belirlenmistir. Beceri

riintiilerine gére, 6grencilerin %13’iiniin KGS’de él¢iilen tiim 6zelliklere

hakim oldugu tespit edilmistir. Q matrisin hazirlanmasi, bilissel tani
modellerinin etkin kullanimi agisindan kritik bir asamadir. Bu ¢alismada
bilissel 6zelliklerin ve Q matrisin olusturulmasinda uzman gériislerinden

yararlanilmistir. Q matrisi dederlendirmek amaciyla kullanilan (1-s)

degerleri, tiim maddeler icin yiiksek bulunmustur. Bu durum, kazanimlar

ile madde basarisi arasindaki iliskinin biiyiik él¢ctide dogru kuruldugunu
gbstermekte olup, Q matrisinin gegerligine glglii bir destek
saglamaktadir.

Anahtar Kelimeler: Bilissel Tani Modeli, Kolej Giris Sinavi, DINA,
Matematik Dederlendirmesi.
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Matematikte Ogrencilerin performansini etkileyebilecek bircok bilissel beceri
bulunmaktadir. Bunlar arasinda problemi tanimlama, problemi sadelestirme ve temsillestirme,
ortintl ve iliskileri belirleme ile hesaplama yapma gibi beceriler sayilabilir (Burkhardt & Swan,
2012). Bu bilissel beceriler dort alana ayrilabilir: temel sayilar (sayilari sayr dogrusu lizerinde
konumlandirma, az sayidaki nesneyi dogru bir sekilde tahmin etme, sembolleri kullanma vb.),
bellekten geri cagirma ve islemleme (zihinsel hesaplamalar yapma, teorem ve formdilleri
hatirlama, islem basamaklarini animsama vb.), akil yiiritme (karar verme, genelleme yapma vb.)
ve gorsel-uzamsal organizasyon (matematiksel nesne temsillerinin uzamsal diizenini anlama ve
kullanma, grafik ve tablolari analiz etme vb.) (Karagiannakis ve ark., 2016). Ayrica, bircok
karmasik matematiksel beceri birden fazla bilissel alanla iliskilendirilebilmektedir.

Bu bilissel alanlara ek olarak, karmasik baglantilar kurma, esnek problem c¢6zme
stratejileri gelistirme ve mantikli arglimanlar olusturma gibi Ust dlizey bilissel beceriler de
matematikte basari acisindan bliyik 6nem tasimaktadir. Bu beceriler, 6grencilerin alisiilmadik
problemlere yaratici bicimde yaklasmalarini, gerekgeli ¢ikarimlar yapmalarini ve farklh ¢oziim
yollarinin etkililigini degerlendirmelerini mimkiin kilar. Bu durum, Ust dizey disiinme
becerilerinin hem 6gretim programi tasarimina hem de degerlendirme uygulamalarina entegre
edilmesinin gerekliligini ortaya koymaktadir (Hidajat, 2020). Ust diizey bilissel beceriler
ogrenciler arasinda 6nemli diizeyde farklilk gosterdiginden, bu becerilerin degerlendirilmesi
kisisellestirilmis bir yaklasimi gerekli kilmaktadir. Kisisellestirilmis degerlendirme yontemleri
yalnizca bireysel 6grencilerin 6grenme profillerini dogru bicimde analiz etmek icin degil, ayni
zamanda gelismis bilissel becerileri destekleyecek hedefe yonelik 6gretim stratejileri gelistirmek
acisindan da kritik 6neme sahiptir. Bu baglamda, bilissel tani modelleri (BTM; Cognitive
Diagnostic Models), 6grencilerin st diizey distinme becerilerine iliskin glicli ve zayif yonlerini
belirlemede degerli bir kuramsal cerceve sunmakta ve geleneksel degerlendirme yaklasimlarina
kiyasla daha ayrintili bilgiler saglamaktadir.

BTM’ler, 6grencilerin bilissel becerileri hakkinda kapsamli veriler sunar. Ogrencilerin
bilissel acidan gliclii ve zayif yonlerini ortaya koyarak bilgi yapilarinin ve bilissel yeteneklerinin
anlasilmasina katkida bulunur (Leighton & Gierl, 2007). Psikometrik temelli bu modeller,
ogrencileri birbirleriyle kiyaslamaktan ziyade bireysel diizeyde degerlendirir. BTM’ler, belirli bir
alanda gerekli olan beceri bilesenlerini Olcerek, 6grencilerin 6grenme sireclerini desteklemek
amaciyla bilis kurami ile 6lgme kuramini bittnlestirir.

Bilissel Tani Modelleri (BTM), esas olarak sinif ici 6gretim ve 6grenme sireglerine
odaklanmaktadir (Junker & Sijtsma, 2001; Tatsuoka, 1985). Geleneksel 6lgme kurami, bireylerin
bilissel becerilerini degerlendirme noktasinda yeterince ayrintili veri sunamamaktadir (Li, Ren &
Wei, 2021). Oysa BTM'’ler, bilissel sirecler ile 6lgme yaklasimlarini bir araya getirerek
degerlendirme siireclerine dnemli katkilar saglamaktadir. Bu kuramsal yaklasim, 6grencilerin
bilissel isleme siireclerine iliskin potansiyel 6zelliklerini ortaya koymanin yani sira, bireye 6zgii
hedeflenmis ¢ozimler ve stratejik yonlendirme imkani da sunmaktadir. De la Torre (2009),
BTM’leri, 6grencilerin ayrintih becerileri edinip edinmediklerini degerlendirmek amaciyla
gelistirilen gizil degisken modelleri olarak tanimlamaktadir. Baska bir ifadeyle, BTM’ler, bir
testteki sorulari yanitlayabilmek icin gerekli olan bircok ayrintil bilissel 6zelligin varligini ya da
yoklugunu belirlemek {izere tasarlanmistir. “Ozellik” kavrami, bilissel tanilama temelli
degerlendirmelerin merkezinde yer almaktadir (Leighton & Gierl, 2007). Ozellikler, belirli
hedefler veya bilissel beceriler olarak tanimlanir. BTM’ler, sinava giren bireyin sahip oldugu ya
da olmadigi distinilen 6zellik kombinasyonlarini belirlemek amaciyla kullanilabilir (Su, 2013).
Ozellige sahip olma durumu “tam sinif”, sahip olmama durumu ise “yokluk sinifi” seklinde
adlandiriimakta ve bu durum ikili gizil degisken vektorleriyle temsil edilmektedir. Bu sayede,
ogrenciler icin yalnizca toplam bir puan elde etmek yerine, hangi 6zelliklere sahip olduklarini
gosteren ayrintili bir profil olusturulabilmektedir. Bu c¢ercevede, BTM’lerin 6grencilerin
ozelliklerini degerlendirmeye yonelik kuramsal bir yapi sundugu soylenebilir.
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Bilissel Tani Modelleri (BTM), geleneksel degerlendirme yaklasimlarinin sundugu toplam
puanlarin Otesine gecerek, sinava giren bireylerin belirli alt becerileri ne diizeyde edindikleri ya
da edinemedikleri konusunda daha nitelikli geri bildirimler sunmaktadir (DeCarlo, 2010). Bu
modeller, bireylerin bilissel acidan gliclii ve zayif yonlerini belirlemeye olanak tanir; elde edilen
bu veriler, sinif ici 6gretimin sekillendiriimesinde ve 6grenci 6greniminin desteklenmesinde etkin
bir sekilde kullanilabilir. Yeterlik temelli modeller, bireylerin belirli bir alanda yeterli diizeye
ulasip ulasmadiklarini belirlemeye yonelik istatistiksel bir cerceve sunar. Bu modeller, 6zellikle
bir bireyin yeterlilik sinavini basariyla tamamlayip tamamlayamayacagini ya da bir sonraki
akademik diizeye ge¢cmeye hazir olup olmadigini degerlendirmek gibi yiksek riskli karar
sireclerinde onemli bir rol oynamaktadir. Ancak, glinimiizde uygulanan pek cok modern
degerlendirme yaklasiminda, test maddeleri yalnizca tek bir beceriyi degil, birden fazla ve
ayrintih bilissel 6zelligin uygulanmasini gerektirecek sekilde yapilandiriimaktadir. Bu karmasik
yapi, geleneksel modellerinin sinirhliklarini gézler 6niine sermekte ve Ogrencilerin bilgi
dizeylerinin ¢cok boyutlu dogasini yakalayabilecek daha gelismis ve tanisal yaklasimlara duyulan
gereksinimi agikca ortaya koymaktadir (Zhang ve ark., 2023).

Herhangi bir bilissel tani modeli (BTM) kapsaminda, madde-6zellik iliskisinin
modellenmesini saglayan Q matrisi (Tatsuoka, 1983) kritik bir yapisal bilesendir. Q matrisi, test
maddelerinde gozlenen dogru yanitlarin arkasinda yatan bilissel 6zellikleri (genellikle kavramlar
ve prosediirler olarak tanimlanan) detayli bir bicimde tanimlar ve sistematize eder (Clements ve
ark., 2020). Bu matris, her bir test maddesi ile bu maddenin dogru ¢6zimu icin gereksinim
duyulan bilissel 6zellikler arasindaki dogrudan iliskiyi ortaya koymakta; ayrica, degerlendirme
sirecinde yer alan akil ylritme, icerik bilgisi ve bilissel isleme bilesenlerinin entegrasyonunu
saglamaktadir (Tatsuoka, 2009). Son donemde gerceklestirilen ¢calismalarda, 6zellik tanimlama
asamasindaki potansiyel 6n yargilarin ve olgciim hatalarinin minimize edilmesi amaciyla, hem
uzman gorislerine hem de veri odakli algoritmik yontemlere dayali hibrit yaklasimlarin Q matrisi
gelistirilmesinde belirleyici rol oynadigi vurgulanmaktadir (Wang ve ark., 2023).

Q matrisi, degerlendirme siirecinde aciklik ve dogruluk saglamada kritik bir rol Ustlenir.
Bu aciklik, 6grencilerin 6grenme ilerlemesini izlemek ve 6gretim stratejilerini sekillendirmek igin
onemli olan araglarin gelistiriimesinde temel bir gerekliliktir. Ornegin, bicimlendirici
degerlendirmeler, madde gelistirme siregleri (maddelerin hedeflenen icerik ve becerileri 6lgme
yeterliliginin degerlendirilmesi) ve mifredat uyumu analizleri (icerik ve becerilerin belirli sinif
veya ders standartlari ile tutarhhginin dogrulanmasi) bu kapsamda sayilabilir (de la Torre ve ark.,
2016). Ogeler ile bilissel 6zellikler arasindaki iliskiyi kurmak icin uzmanlarin &zellikleri
tanimlamasi gerekmekle birlikte, glincel gelismeler, Q matrisinin olusturulmasinda hem uzman
goruslerinin  hem de istatistiksel yontemlerin entegrasyonunun daha isabetli tanisal
degerlendirmelere olanak tanidigini ortaya koymaktadir (Wang ve ark., 2023). Bu butinsel
yaklasim, Q matrisinin 6grenci bilgisinin cok katmanli ve karmasik yapisini daha glivenilir bicimde
temsil etmesini saglamakta ve bilissel tani modellerinin gecerligini artirmaktadir.

Q matrisinde, satirlar (j) test maddelerini, sttunlar (k) ise olclilmesi hedeflenen alt
becerileri temsil eder; boylece matris, j x k boyutlarinda bir yapiya sahiptir. Bir madde belirli bir
bilissel 6zelligi 6lcliyorsa, ilgili matris hiicresine “1” degeri atanirken, o 6zellik madde icin gerekli
degilse “0” degeri kullanilir. Her test maddesi, tanimlanmis 6zelliklerden bir veya birkagini
Olgmek (izere tasarlanmistir. Q matrisi, test maddeleri ile bilissel 6zellikler arasindaki iliskiyi
ortaya koyan bir baglanti ya da kopri islevi gorir. Q matrisinin dogru ve tutarli bicimde
gelistirilmesi, herhangi bir bilissel tani modelinin etkin ve glivenilir uygulanabilmesi icin kritik bir
asamadir.

Bir Q matrisi araciligiyla, tanimlanan k bilissel 6zellik temelinde 2* adet 6rtiik sinif
olusturulabilir. Ortiik siniflar, bireylerin hangi 6zelliklere sahip oldugunu veya olmadigini temsil
eder ve bu siniflar, bireylerin dogru yanit vermesi beklenen maddelerle iliskilendirilir (Yakar ve
ark., 2021). Her bir 6zellik modeli, farkh yapisal 6zelliklere sahip ayri bir ortik sinif olarak
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tanimlanir (de la Torre, Hong & Deng, 2010). Ornegin, k = 3 oldugunda olusan sekiz értiik sinif
Tablo 1’de sunulmaktadir.

Tablo 1.
Ortiik Siniflar ve Anlamlari (k=3)

Ortiik Siniflar Bireylerin Ozellikleri

(000) Higbir 6zellige sahip olmayanlar
(100), (010), (001) Bir 6zellige sahip olanlar

(110), (101), (011) iki 6zellige sahip olanlar

(111) Ug 6zellige sahip olanlar

Farkli amacglar dogrultusunda cesitli calismalarda kullanilan ¢ok sayida BTM
bulunmaktadir. Bu modeller, bir maddenin 6l¢tiigi 6zellikler arasindaki tamamlayici olan ya da
tamamlayici olmayan iliskileri yansitma bicimlerine gore birbirinden ayrilir. Tamamlayici olan
modellerde, bir oOzelligin gerektirdigi becerilere sahip olma, ayni maddede ol¢lilen diger
ozelliklerin eksikligini dengeleyebilir. Buna karsilik, tamamlayici olmayan modellerde ise bir
maddeyi dogru yanitlayabilmek icin tim ilgili 6zelliklerin edinilmis olmasi gerekir (de la Torre,
2011). Tam BTM’lerde, testi olusturan 6zelliklerin dogru sekilde belirlenmesi ve bireylerin bu
ozelliklere gore dogru sekilde tanilanmasi icin maddeler ile 6zellikler arasinda kesin ve dogru
eslestirmelerin yapilmasi bliyiik Gnem tasimaktadir.

Bazi BTM 6rnekleri arasinda de la Torre (2008) tarafindan gelistirilen DINA (Deterministic
Input Noisy “And” gate), de la Torre’nin (2011) sundugu G-DINA (Generalized DINA), Templin ve
Henson’in (2006) gelistirdigi DINO (Deterministic Input Noisy “Or” gate), de la Torre ve Douglas
(2004) ile de la Torre ve Minchen’in (2014) 6nerdigi HO-DINA (Higher-Order DINA) ve Roussos
ve arkadaslarinin (2007) gelistirdigi NC-RRUM (non-compensatory reduced re-parameterized
unified model) sayilabilir. DINA modeli tamamlayici olmayan bir modeldir. Bu, bir alt becerinin
kazanilmasinin, test maddeleriyle 6lclilen baska bir alt becerinin eksikligini telafi edemeyecegi
anlamina gelir (George & Robitzsch, 2015). DINA, sinava girenlerin bir maddeyi etkili bir sekilde
¢6zmek icin gerekli tim becerilere sahip olmasi gerektigini varsayan en basit modellerden biridir.
Bu nedenle, tamamlayici olmayan bir modeldir; gerekli bir 6zelligin eksikligi, diger 6zelliklerin
varligiyla telafi edilemez (de la Torre & Minchen, 2014). Baska bir deyisle, DINA modelinde bir
ozelligin eksikligi, gerekli tim 6zelliklerin eksikligine es degerdir (Henson & Douglas, 2005).

Sinava girenlerin 6zellikleri ile madde 6zellikleri arasindaki etkilesim, 6rtik (latent) tepki
degiskenini tanimlar. Bu degisken ayni zamanda ideal tepki olarak da bilinir (Tatsuoka, 1995) ve
su sekilde ifade edilir:

P
ni= 1 °<ﬂ](k
Burada, ai i’inci sinava girenin k’'inci (k = 1, ..., K) 6zelligi (alt becerisi) kazandigini, g ise Q-
matrisinde j'inci maddenin k’inci 6zellikle iliskilendirilme durumunu gosterir. Yukaridaki esitlige
gore, nij = 1 durumu yalnizca sinava giren i'nin j’'inci madde igin gerekli tim 6zelliklerde sahip
olmasi durumunda gerceklesir.

DINA, kaydirma (slip, s;) ve tahmin (guess, g;) parametreleriyle tanimlanir (Doust ve ark.,
2021). Kaydirma parametresi (s;), gerekli tim 6zelliklere (becerilere) sahip olan bir bireyin ilgili
maddeyi yanls yanitlamasi durumunu ifade eder. Diger yandan, tahmin parametresi (g;), gerekli
ozelliklere sahip olmayan bireyin maddeyi dogru yanitlamasi durumunu temsil eder. Junker ve
Sijtsma'ya (2001) gore, bu parametreler sirasiyla “yanlis negatif” ve “yanlis pozitif” oranlarini
yansitir. Kaydirma ve tahmin parametreleri asagidaki sekilde formiile edilir:

Sj= P (Xij = OlT]iJ': 1),
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g=P (Xj=1[n;=0),
Dogru yanit verme olasihgl asagidaki sekilde ifade edilir:
P(Xij=1loi, s;, g) = (1- )% (g)* "™
Burada, g; ve sj tahmin ve kaydirma parametreleridir (Minchen & de la Torre, 2018).

Bir maddeye dogru yanit verilebilmesi icin, sinava giren kisinin kaydirma durumunu
onlemek adina gerekli tim becerilere sahip olmasi ve tahmin yoluyla dogru yanit verme
olasiligini ortadan kaldiracak sekilde gerekli becerilerden en az birine sahip olmamasi gerekir.
Kaydirma ve tahmin parametrelerinin modele dahil edilmedigi durumlarda, bir maddeye dogru
yanit verme olasiligl yalnizca 0 ya da 1 olur.

Templin ve Henson (2010), s ve g parametrelerini Tablo 2’de gosterildigi bicimde
tanimlamustir.

Tablo 2.
DINA Modeldeki Tepki Olasiliklari

Xij=1 Xij=0

ni=1 1-s; S

nij=0 g 1-g

Madde parametre analizi, her bir madde icin bagimsiz olarak s ve g indekslerini tahmin
etmek icin madde ayirt edicilik indeksi (Item Discrimination Index - IDI, ) icerir (6 =1 -g-5). §,
g ve s parametrelerinin etkisi olmaksizin, sinava giren bireylerin bir maddeyi ne 6l¢lide dogru
cevaplayabilecegini gosterir.

DINA modeli, bilissel tani degerlendirmelerinde bircok 6nemli avantaj sunmaktadir. En
belirgin gicli yonlerinden biri, 6grencilerin belirli bilissel 6zelliklere hakimiyet durumlarina goére
detayli profilleme yapabilmesidir. Bu sayede, bir 6grencinin hangi alt becerilere sahip oldugu
belirlenerek, ogretmenlere oOgrencilerin glicli ve zayif yonleri hakkinda degerli bilgiler
saglanmakta ve daha hedefe yonelik, etkili 6gretim stratejilerinin gelistiriimesine olanak
taninmaktadir. Ayrica, DINA modeli ¢oktan se¢meli sorular da dahil olmak tizere farkl soru
turlerini isleyebilme esnekligine sahiptir; bu da modelin ¢esitli degerlendirme bicimlerine
uyarlanabilirligini artirmakta ve uygulama alanini genisletmektedir (Liu & Kang, 2023). Bunun
yaninda, model parametrelerinin tahmin edilmesini kolaylastiran ve DINA modelinin
arastirmacilar ile uygulayicilar tarafindan daha erisilebilir olmasini saglayan cesitli yazilim
paketleri mevcuttur (de la Torre ve ark., 2022). Son olarak, DINA modeli, 6grencilerin bilissel
ozellikler agisindan yeteneklerinin ayrintili analizini sunarak, egitimcilerin bireysel 6grenme
ihtiyaclarini daha derinlemesine kavramalarina ve bdylece 6grencilerin 6grenme siireclerini
daha etkin desteklemelerine imkan tanir (Wang ve ark., 2023). Tum bu avantajlar, DINA modelini
hem 6grenci 6grenme ciktilarini degerlendirmek hem de bu ciktilari iyilestirmek icin gicli bir
ara¢ konumuna getirmektedir.

Bilissel tani modellerinin (BTM) pratik uygulamalari, dil testi (Li & Suen, 2013; Sawaki ve
ark., 2009), psikoloji (Tatsuoka, Varadi & Jaeger, 2012; Templin & Henson, 2006) ve matematik
(DeCarlo, 2011; Whitely & Schneider, 1981; Parlak, 2017; Birenbaum ve ark., 2004; Choi, Lee &
Park, 2015; Dogan & Tatsuoka, 2008) gibi farkl alanlarda yaygin olarak gorilmektedir.
Matematik becerileri arasinda siki 6n kosul iliskilerinin bulunmasi, bu becerilerin 6lcimiinde
BTM uygulanmasini zorunlu kilmaktadir. Bu baglamda, egitimciler, mifredat gelistiriciler ve
politika yapicilarin, 6grencilerin matematik alaninda neleri bildiklerini ve yapabildiklerini, ayrica
hangi alan, kavram ve konulara daha fazla odaklaniimasi gerektigini dogru sekilde anlamalari
bliylik 6nem tasimaktadir.



764

Alan yazininda, TIMSS (Uluslararasi Matematik ve Fen Egilimleri Arastirmasi) matematik
testlerinin bilissel analizine yonelik ¢esitli calismalar bulunmaktadir (Birenbaum ve ark., 2004;
Dogan & Tatsuoka, 2008; Choi ve ark., 2015; Lee & Park, 2015; Parlak, 2018; Terzi & Sen, 2019;
Evran, 2019). Bu calismalarin bir kismi, farkli Glkelerdeki 6grencilerin bilissel profillerini
karsilastirmali olarak incelemistir (Birenbaum ve ark., 2004; Dogan & Tatsuoka, 2008; Choi, Lee
& Park, 2015). S6z konusu arastirmalarin ¢ogunda, farkh egitim baglamlarinda bilissel tani
verilerinin analizinde DINA modeli tercih edilmektedir. Bu modelin, 6grencilerin bilissel gliclii ve
zayif yonlerine iliskin ayrintih bilgi sagladigi ve geleneksel degerlendirme yontemlerine kiyasla
ogrenci performansinin daha derinlemesine anlasilmasina olanak tanidigi ortaya konmustur.
Ozellikle Choi, Lee ve Park (2015) tarafindan gergeklestirilen bir calismada, 2003 yili TIMSS 8.
sinif matematik degerlendirme verileri DINA modeli araciligiyla analiz edilmistir. Calismanin
temel amaci, 6grenci performansina iliskin daha spesifik ve eyleme gecirilebilir tanisal bilgiler
elde etmektir. Bulgular, modelin 6zellikle ABD ve Kore &grencilerinin performans
karsilastirmalarinda degerli tanisal bilgiler sagladigini ve DINA modeline ait ayrim endeksinin
yorumlama slireclerine katki sundugunu géstermistir.

Glndiz ve Cakan (2020) tarafindan gergeklestirilen bir ¢alismada, Turk TIMSS 2015
ornekleminden elde edilen matematik testi verileri kullanilarak 6grencilerin cesitli 6zelliklere
gore siniflandirilmasi incelenmistir. Arastirmada, DINA modeli ile birlikte DINO modeli de
uygulanmistir. icerik alanlari (sayilar, veri gésterimi, geometrik sekiller ve dlciiler), bilissel alanin
dizeyleri (bilgi, uygulama, akil yaritme), bu iki alanin birlesimi ve temel bilesen analiziyle elde
edilen ozelliklere dayal olarak dort farkh Q matrisi olusturulmustur. S6z konusu Q matrisleri
kullanilarak gerceklestirilen siniflandirmalarin dogruluk ve tutarhliklari analiz edilmistir. Elde
edilen bulgular, icerik alanlarinin bilissel dizeylerle birlestirildigi Q matrisinin siniflandirma
dogrulugu agisindan en iyi performansi sagladigini ortaya koymustur.

Parlak (2023) ise bilgi ve becerilere odaklanarak 8. sinif 6grencilerinin matematikteki
glicli ve zayif yonlerini arastirmayr amaclamistir. Bu calismada, TIMSS 2015 8. sinif matematik
testi 6grenci yanit kaliplari ile uzmanlar tarafindan gelistirilen bir Q matrisi kullanilarak Tirkiye
ve Singapur’daki 6grencilerin verileri karsilastiriimistir. DINA modeli, 6grencilerin genel puan ve
siralamalarindan bagimsiz olarak glicli ve zayif yonlerini degerlendirmek lzere uygulanmistir.
One cikan bulgular arasinda, Singapur égrencilerinin yiiksek genel puanlarina ragmen déniisim
geometrisi alaninda zayif performans sergilemeleri ve Tirk 6grencilerin mantiksal akil ylritme
ile acik uclu gorevlerde zorluk yasamalari yer almaktadir.

Bu calismalar, 6grencilerin bilissel becerilerinin anlasiimasinin etkili 6gretim ve 6grenim
surecleri icin kritik 6neme sahip oldugu 6zellikle matematik alaninda, DINA modelinin egitim
arastirmalarinda kullaniminin giderek yayginlastigini gdéstermektedir.

1.1. Problem Durumu

Kibris Tirk egitim sisteminde, ilkokul egitimini tamamlayan 6grenciler, ortadgretim
asamasinda genellikle Turk Maarif Kolejlerini tercih etmektedir. Bu okullar, ayni ¢ati altinda hem
ortaokul hem de lise egitimini sunmaktadir. Ancak bu okullara kayit olabilmek i¢in 6grencilerin,
besinci sinif seviyesindeki ilkokul 6grencilerine yonelik miifredat temelli performans testi olan
Kolej Giris Sinavi'na (KGS) girmeleri zorunludur. Maarif Kolejlerinde egitim dili ingilizce olup,
devlet tarafindan finanse edilmeleri nedeniyle herhangi bir lcret talep edilmemektedir. Lise
egitimini basariyla tamamlayan o6grenciler, Kuzey Kibris, Tirkiye ve diger (lkelerdeki
Universitelerde egitimlerine devam edebilmektedir. S6z konusu kolejler, Kuzey Kibris’ta prestijli
kurumlar olarak kabul edilmekte ve 6grenciler genellikle 4. siniftan itibaren uzun ve maliyetli bir
hazirlik slirecine baslamaktadir.

KGS, her yil genellikle bes ay arayla uygulanan iki modiilden olusmaktadir: KGS1 ve KGS2.
Ogrencilerin basarilari, her iki modilden alinan puanlarin ortalamasi tizerinden degerlendirilir.
Ancak COVID-19 salgini nedeniyle, 2021 yilinda sinav yalnizca bir kez gerceklestirilmistir. Sinav,
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Matematik (27 soru), Tirkce (27 soru), Fen ve Teknoloji (14 soru), Sosyal Bilimler (10 soru) ve
ingilizce (22 soru) alt testlerinden olusmakta olup, her biri dort sikli coktan se¢cmeli ve {i¢ yaniltici
secenegin bulundugu sorulardan meydana gelmektedir.

Bu calisma, Bilissel Tani Modelleri (BTM), DINA modeli kullanilarak KGS’'nin bilissel
yapisini incelemeyi amaclamaktadir. Baska bir ifadeyle, calisma KGS matematik alt testinin
psikometrik 6zelliklerinin tanimlanmasinda DINA modelinin uygulanma yollarini arastirmaktadir.
Matematik alt testiyle iliskili bilissel o©zelliklerin analizi yoluyla, testin 6grencilerin farkl
matematik alanlarindaki yeterliliklerini ne ol¢lide yansittigl ortaya konmaktadir. Calismada, KGS
matematik alt testi icin toplam 21 bilissel 6zellik belirlenmistir. Literatlirde 6zellik sayisi
konusunda farkli gorisler bulunmakla birlikte, Lee ve arkadaslari (2011) 15 6zellik 6nerirken,
Tatsuoka (1984, 1990) en az 8 6zellik tanimlanmasinin yeterli oldugunu belirtmistir. 21 6zelligin
tamaminin kullanilmasi daha genis kapsamli ve zaman alici bir arastirma gerektirdiginden, bu
calisma kapsaminda Dogal Sayilar, Dogal Sayilarla Dért islem, Dogal Sayilar Problemleri ve
Geometri alanlarini kapsayan 15 6zellik Gzerinde durulmustur.

Arastirmanin temel amaci, KGS matematik madde parametrelerini tahmin etmek ve 5.
sinif 6grencilerinin KGS matematik testindeki bilissel 6zellikler bakimindan yeterlilik dizeylerini
incelemektir. BTM’ler, pratik test kisitlamalari icinde ¢ok boyutlu yapilari 6lgme imkani saglar ve
matematik bilgisinin cok spesifik bicimde degerlendirilmesine olanak tanir (de la Torre ve ark.,
2016). Bu baglamda, ¢alismada DINA modeli tercih edilmesinin sebebi DINA modelin hem teorik
altyapisinin saglam olusu hem de hem de bilissel tani analizinde glivenilir sonuglar sunmasidir.
Ayrica, DINA modeli 6grencilerin bilissel becerilerini ayrintili sekilde ortaya koyarak bireysel
matematiksel yeterliliklerin degerlendirilmesine imkan tanir. Q matrisi ise, uzman gorisi temel
alinarak arastirmacilar tarafindan olusturulmustur. Uzman gorist, BTM uygulamalarinda Q
matrislerinin hazirlanmasinda hala en yaygin ve kabul géren yontemdir. Bu sayede belirlenen
bilissel 6zelliklerin, amaclanan 6grenme ciktilariyla uyumlu olmasi saglanmis ve analizlerin
matematik programina dayanmasi gliclendirilmistir.

Matematikte 6grencilerin 6grenme eksikliklerini belirlemek biiyik bir 6nem tasir. Beceri
profili, 6grencilerin alan bazindaki glicli ve zayif yonlerini ortaya koyarak, 6gretmenlerin bireysel
bilissel ihtiyaclara yonelik daha etkili ve hedeflenmis 6gretim yontemleri gelistirmesine olanak
saglar. Daha Once de belirtildigi tizere, Bilissel Tani Modelleri (BTM’ler) 6grencilerin 6grenme
sureclerini ve ilerlemelerini detayli bicimde Olcerek, geleneksel puanlama sistemlerinden ¢ok
daha kapsamli bilgiler sunar (de la Torre, 2009, 2011). Bu baglamda, bu calismanin bulgulari
ogretmenlerin Ogrencilerin ¢esitli 6grenme gereksinimlerini daha iyi karsilamak {izere
ogretimlerini bireysellestirmelerine ve boylece matematik basarisini artirmalarina katki
saglayabilir.

Calisma, DINA modelini yiksek risk tasiyan sinavlar baglaminda, oOzellikle Kuzey
Kibris'taki 5. sinif 6grencilerinin girdigi KGS sinavi lzerinden incelemesi nedeniyle 6nemlidir.
KGS, 6grencilerin akademik hayatlarinda kritik bir dénemec¢ olmasinin yani sira, gelecekteki
egitim firsatlarini belirlemede de énemli bir rol oynar. Bu arastirma, DINA modelini kullanarak
KGS matematik sinavindaki 6grenci performansini analiz etmeyi, sinavda yer alan bilissel
sirecleri detayh sekilde anlamayi ve mevcut degerlendirme aracinin 6grencilerin gercek
yeteneklerini ne dlclide yansittigini ortaya koymayi hedeflemektedir.

Arastirmanin 6nemi, Kuzey Kibris’taki sinav sistemlerinin gelecekteki tasarim ve reform
sireclerine yapacagi katkilarda yatmaktadir. Diinya genelinde egitim sistemleri, veri temelli ve
bireysellestirilmis 6grenme vyaklasimlarina dogru ilerlerken, sadece toplam puana dayal
degerlendirmelerin 6tesinde, 6grenciye 6zgl ayrintili geri bildirim sunan yaklasimlara ihtiyag
artmaktadir. DINA modeli, 6grencilerin hangi bilissel becerilerde gliclii ya da zayif oldugunu
ayrintih sekilde ortaya koyarak, egitimcilere 6grenme bosluklarini hedef alan daha etkili
miidahaleler gelistirme imkani saglar. Bu sayede, 0Ogrencilerin yeteneklerinin ayrintil
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degerlendirilmesi, egitimde daha incelikli yaklasimlarin benimsenmesine ve erken yaslarda
ogrenme eksikliklerinin giderilmesine katkida bulunur. Ayrica, bu ¢alismanin sonuglari yalnizca
bireysel siniflarda degil, egitim sisteminin tamaminda karar alma siireclerine rehberlik edebilir.
Boylelikle, 6grencilerin genel basarisini artiracak daha etkili ve kisisellestirilmis egitim
uygulamalarinin gelistiriimesine katki saglanabilir. Uzun vadede, bu durum politika yapicilarin
geleneksel degerlendirme cercevelerini yeniden gézden gecirerek, daha tanisal ve esnek 6grenci
degerlendirme yontemlerini arastirmalarina olanak taniyabilir.

2. Yontem

Bu calisma, 2021 yilinda 1.833 5. sinif ilkbgretim 6grencisine uygulanan KGS (Kolej Giris
Sinavi) matematik alt testinin psikometrik 6zelliklerini incelemek amaciyla yiritilmastir. Bu
baglamda, test sonuclari veri kaynagi olarak kullanilmistir. Ayrica, Q matrisi olusturulmasinda
uzman goruslerinden yararlaniimistir.

2.1.Veri Toplama Araglari

Veri toplama amaciyla, 2021 yilinda uygulanmis olan KGS matematik testi kullaniimistir.
S6z konusu test, toplamda 17 sayfadan olusmaktadir. Matematik testine ait soru érnekleri ve bu
sorularin 6zellikleri Tablo 3’te sunulmustur.

Tablo 3.
KGS 2021 Matematik Testindeki Sorularin Ornekleri ve Ozellikleri

Soru Ogrenme Ciktilari

Asagida verilen islem semasina gore, tiim islemlerin dogru olabilmesi icin “K” ile belirtilen

kutuya hangi sayi yazilmalidir? e  Dogal sayilarla toplama ve
¢ikarma islemleri yapabilme.
@ + ()= e  Enfazla li¢ basamakli dogal
X sayilarla ¢garpma islemi
@ yapabilme.
6 _ _ e  Carpma ve bolme arasindaki

iliskiyi anlayarak eksik elemani
(carpan, bolim veya bolme)

bulabilme.
A)2 B) 8 C)12 D) 18

e Dogal sayilarla toplama ve

AA iki basamakl bir dogal sayidir.
AA + AA + AA =132 ise,

4 + (4 + A) isleminin sonucu kaca esittir?

A)2 B)3 C)4 D)5

¢ikarma islemleri yapabilme.
Dogal sayilarin (dokuz basamaga
kadar) basamak ve basamak
degerlerini belirleyebilme.

En fazla ¢ basamakli dogal
sayilarla ¢garpma islemi
yapabilme.

Asagida Fatma'nin 4 adimda yapmis oldugu bélme islemi verilmistir.
Buna gore Fatma'nin, yapmis oldugu bolme iglemi igin ne sdyleyebiliriz?

1. Adm 2. Adm 3. Adm 4. Adim
848| 16 848| 16 84816 848 [ 16 848 | 16
-80 |5 -80 (5 -80 |52 -80 |s521
4 8 48 48
2 2
16 16
-16
0

A) Boélme islemini hatasiz yapmstir.
B) ilk hatasini 2. adimda yapmistir.
C) ilk hatasini 3. adimda yapmustir.
D) ilk hatasini 4. adimda yapmistir.

En fazla doért basamakli bir dogal
saylyl, en fazla iki basamakli bir
dogal sayiya boélebilme.
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2.2. Siireg ve Veri Analizi

Bu calisma, DINA modelini kullanarak bilissel tani modeli olusturmak icin Shi ve
arkadaslari (2021) tarafindan o6nerilen adimlari takip etmistir. Bu adimlar, Q-matrisinin
degerlendirilmesi, modelin kalibrasyonu, model uyumunun incelenmesi, madde dizeyinde
tanilama analizi, siniflandirma glvenilirliginin test edilmesi ve elde edilen sonuglarin
raporlanmasi ile gorsellestirilmesini kapsamaktadir.

2.2.1. Veri ve Q Matris’in Hazirlanmasi

Q-matris, 23 matematik sorusu ve 15 bilissel 6zellik icin olusturulmustur. DINA modeli
analizinde, “dogal sayilar”, “dogal sayilarla dort islem” ve “dogal sayi problemleri” alanlarindaki
ogrenme hedefleri bilissel 6zellik olarak esas alinmistir. Arastirmacilar, testteki her soruyu
detayli sekilde incelemis ve 5. sinif matematik mifredatini gozden gecirerek sorularin kapsadigi
bilissel 6zellikleri belirlemistir. Bu calisma sonucunda, Q-matrisinin ilk versiyonu hazirlanmistir.

De la Torre ve Minchen (2014) tarafindan belirtildigi Gizere, istatistiksel yontemler Q-
matrisin gelistiriimesine katki saglasa da atrisin uygunlugunun alan uzmanlari tarafindan titizlikle
degerlendirilmesi gerekmektedir. Bu kapsamda, Q-matrisin ilk versiyonu, matematik 6gretimi
alanindan i¢ ve 6lgme degerlendirme alanindan ise bir uzman olmak lizere toplam dért uzmana
iletilmistir.

Uzmanlardan, Q-matrisindeki her bilissel 6zellik icin yorum ve onerilerde bulunmalari
istenmis; ayrica, her 6zelligin KGS testi kapsaminda ne derece 6lclldiglini derecelendirmeleri
istenmistir. Bazi uzmanlar, dikkate alinmasi gereken ek 6zellikler de dnermistir.

Bu asamanin tamamlanmasinin ardindan, her bir madde, uzman gorusleri
dogrultusunda belirlenen 15 bilissel 06zellikle iliskilendirilerek Q-matris olusturulmustur.
Maddeleri temsil eden 6zellikler ve siklik bilgileri Tablo 4 ve Tablo 5’te sunulmaktadir.

Table 4.
Ozellikler ve Sikliklar

Ozellikler Sikliklari
Ozellik 1. Dogal sayiyi en yakin yiizlere yuvarlama 1
Ozellik 2. En fazla 9 basamakli dogal sayilari yazma ve okuma 2
Ozellik 3. Dogal sayilarin basamak degerlerini belirleme (en fazla dokuz basamaga kadar) 3
Ozellik 4. Dogal sayilarla toplama ve gikarma islemleri yapma 12
Ozellik 5. Toplama ve ¢ikarma islemlerinin sonuglarini tahmin etme 2
Ozellik 6. En fazla iki basamakli dogal sayilarla carpma islemi yapma 8
Ozellik 7. En fazla dort basamakli bir dogal sayiyi en fazla iki basamakl bir dogal sayiya bélme 7
Ozellik 8. Zihinden ¢arpma ve bélme islemleri igin uygun strateji kullanma 1
Ozellik 9. BéIme isleminde kalani yorumlama 1
Ozellik 10. Carpma ve bélme arasindaki iliskiyi anlayarak eksik elemani (¢arpan, béliim veya bélme) bulma 3
Ozellik 11. En fazla iki islemi iceren parantezli ifadelerin sonucunu bulma 2
Ozellik 12. Dért islemle ilgili metin problemleri ¢gézme 8
Ozellik 13. Bir noktanin baska bir noktaya gére konumunu ifade etme 1
Ozellik 14. Dikdértgen, paralelkenar, eskenar dértgen ve yamuk temel elemanlarini tanimlama ve gizme 1

Ozellik 15. Uggen ve dértgenin ig agilarinin toplamini belirleme ve eksik agiy1 bulma 1
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Toplamda 23 maddeden olusan test i¢in 54 iliskilendirme yapilmistir. On madde (¢
ozellige, on bir madde iki 6zellige ve iki madde ise bir 6zellige baglidir.

Tablo 5'te gorildigh Uzere, Q matrisi her bir maddenin hangi bilissel o6zellikleri
degerlendirdigini géstermektedir. Bir hiicrede 1 degeri bulunmasi, ilgili maddenin s6z konusu
bilissel 6zelligi ol¢tiglini; O degeri ise 6lcmedigini belirtmektedir.

Table 5.

Uzmanlar Tarafindan Olusturulan Q Matrisi

('.\)./'Zaecfﬁlf No -y 2 3 4 5 6 7 8 9 10 11 12 13 14 15
1 0 1 0 1 0 0 0 0o o 0 0 0o o 0 o
2 0 1 1 0 0 0 0 0o o0 0 0 0o o0 0 o0
3 0 0 0 1 0 1 0 0o o0 1 0 0o o0 0 o0
4 0 0 0 1 1 0 0 0o o0 0 0 0o o0 0 o0
5 0 0 0 1 1 0 0 0o o0 0 0 0o o0 0 o0
6 0 0 o o0 0 0 0 0o o0 0 0 0o o0 1 0
7 0 0 0 1 0 1 0 0o o0 1 0 0o o0 0 o0
8 0 0 0 1 0 1 0 1 0 0 0 0o o0 0 o0
9 0 0 0 1 0 1 0 0o o0 0 0 1 0 0 o0
10 0 0 0o o0 0 0 0 0o o0 0 0 0 1 0 o0
11 0 0 0o o0 0 1 1 0o o0 0 0 1 0 0 o0
12 0 0 0 1 0 0 1 0o o0 0 0 1 0 0 o0
13 1 0 0o o0 0 0 1 0o o0 0 0 0o o0 0 o0
14 0 1 0o o0 0 0 1 0 1 0 0 1 0 0 o0
15 0 0 o o0 0 0 0 0o o0 0 0 0o o0 1 0
16 0 0 1 0 0 0 0 0o o0 1 0 1 0 0 o0
17 0 0 0 1 0 0 0 0o o0 0 0 1 0 0 o0
18 0 0 0o o0 0 0 0 0o o0 0 0 o o0 0o 1
19 0 0 0o o0 0 1 1 0o o0 0 0 1 0 0 o0
20 0 0 0o o0 0 1 0 0o o0 0 0 1 0 0 o0
21 0 0 1 0 0 0 1 0o o0 0 1 0o o0 0 o0
22 0 0 0 1 0 0 0 0o o0 0 0 1 0 0 o0
23 0 0 0o o0 0 1 1 0o o0 0 0 0o o0 0 o0

2.3. Veri Analizi

DINA modeli kullanilarak, Ox Edit programlama ortaminda (Ma & de la Torre, 2016) veri
analizi gerceklestirilmistir. DINA modeli ile analiz yapabilmek icin gerekli kodlar programa
yuklenmistir. Bu kodlar, programin Maksimum-Beklenti (EM) algoritmasi kullanarak DINA model
parametrelerinin tahmin edilmesini saglamaktadir. Arastirmada, s ve g parametreleri farkli sinir
degerleri tizerinden degerlendirilmistir [6rnegin, 0,05 - 0,40 (Henson & Douglas, 2005); 0,25 -
0,15 (Rupp & Templin, 2008)]. Eldeki calismada, s ve g parametreleri diisiik ve yiiksek seviyeler
olarak yorumlanmis; 0,45 ve Uzeri ylksek, 0,25 ve alti ise disik seviye olarak belirlenmistir.

2.3.1. Model Veri Uyum istatistikleri
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DINA modelinin veri uyumu, “Test-Level Fit Statistics” analizi ile degerlendirilmistir.
Goreli model uyumu ise genellikle geleneksel bilgi temelli 6l¢ttler kullanilarak incelenmis olup,
bu dlcitler arasinda AIC (Akaike Bilgi Kriteri; Akaike, 1974) ve BIC (Bayesyen Bilgi Kriteri; Schwarz,
1978) yer almaktadir.

3. Bulgular

Tablo 6, DINA modeli kullanilarak analiz edilen 5. sinif 6grencilerinin madde parametre
tahmin sonuglarini sunmaktadir.

DINA modelindeki s ve g parametrelerinin ortalama degerleri sirasiyla 0,25 ve 0,13 olarak
belirlenmistir. Bu parametrelerden g’nin ortalama puani, 5. sinif 6grencilerinin %25’inin, tim
ozelliklere sahip olmadan maddeleri tahmin yoluyla yanitladigini gostermektedir. Cevap
hakkinda hicbir fikri olmayan bir 6grencinin dogru cevabi tahmin etme olasiligl 0,25 olarak
hesaplanmistir. Bu nedenle, g parametrelerinin ortalama degeri genel ortalama olarak kabul
edilebilir.

Analiz sonucunda, g degerlerinin 0 ile 0,387 arasinda degisim gosterdigi gortlmektedir.
Ayrica, 2, 3, 9, 12 ve 15 numarali maddelerin g parametre degerleri yliksek bulunmustur. Bu
durum, 6grencinin yeterli bilgiye sahip olmamasina ragmen bu maddeleri dogru yanitlama
olasiliginin yiiksek oldugunu godstermektedir. Yeterli bilgiye sahip olmayan 6grencilerin bu
sorulari dogru yanitlayabilme ihtimalinin orta diizeyde oldugu seklinde yorumlanabilir.

Tablo 6.

Madde Parametreleri

Madde no g SE (g) S SE (s) ) Ls

1 0.02 0.02 0.14 0.01 0.84 0.86
2 0.19 0.02 0.15 0.01 0.66 0.85
3 0.36 0.02 0.17 0.01 0.47 0.83
4 0.29 0.02 0.14 0.01 0.57 0.86
5 0.32 0.02 0.16 0.01 0.51 0.84
6 0.34 0.02 0.16 0.01 0.50 0.84
7 0.26 0.02 0.00 0.02 0.74 1.00
8 0.39 0.02 0.20 0.01 0.41 0.80
9 0.35 0.02 0.19 0.01 0.46 0.81
10 0.34 0.02 0.20 0.01 0.47 0.80
11 0.00 0.03 0.00 0.02 1.00 1.00
12 0.29 0.02 0.00 0.02 0.71 1.00
13 0.00 0.03 0.00 0.02 1.00 1.00
14 0.35 0.02 0.13 0.01 0.53 0.87
15 0.27 0.02 0.20 0.01 0.53 0.80
16 0.00 0.03 0.00 0.02 1.00 1.00
17 0.34 0.02 0.20 0.01 0.46 0.80
18 0.36 0.02 0.19 0.01 0.45 0.81
19 0.28 0.02 0.14 0.01 0.58 0.86
20 0.24 0.02 0.13 0.01 0.63 0.87
21 0.30 0.02 0.17 0.01 0.54 0.83
22 0.36 0.02 0.22 0.01 0.43 0.78
23 0.18 0.02 0.21 0.01 0.61 0.79

s parametresinin her madde icin 0 ile 0,22 arasinda degistigi gbzlemlenmistir. En ylksek
s parametresi degeri 22. maddeden (0,22) elde edilmistir. Diger maddelerde ise s parametre
degerleri genel olarak diislik bulunmustur. En distk s parametrelerine sahip maddeler 7, 11, 12,
13 ve 16 olarak belirlenmistir. Q matrisi incelendiginde, bu maddelerin sirasiyla “dogal sayilarla
toplama ve ¢ikarma islemleri yapma” ve “en fazla iki basamakli dogal sayilarla carpma islemleri
yapma” Ozellikleriyle daha yogun sekilde iliskili oldugu gorulmustur.
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De la Torre (2008) tarafindan belirtildigi (izere, 1-s degerlerinin sifira yakin olmasi, Q
matris tarafindan tanimlanan 6zelliklerin maddeler i¢in tam olarak temsil edilmedigine isaret
eder. Bu baglamda, 1-s degerleri, Q matris ile degerlendirme aracindaki maddeler arasindaki
uyum derecesinin gostergesi olarak yorumlanmaktadir. Mevcut analizde, maddeler i¢in 1-s
degerleri 0,78 ile 1 arasinda degismis ve 1-s degerlerinin ortalamasi 0,73 olarak bulunmustur. Bu
sonu¢, Q matrisinin maddeleri dogru cevaba ulasmak icin gerekli 6zelliklere uygun sekilde
atamasini blyilk oranda sagladigini gostermektedir. Tiim parametreler degerlendirildiginde, en
ideal maddelerin 1, 11, 13, 16 ve 23. maddeler oldugu séylenebilir.

3.1. Ozelliklerin Olasiliklari

Ozellik olasiligl, inceleme katilimcilarinin sahip oldugu olasilik 6zelliklerinin sayisini
gosteren “A” ile ifade edilen 24 seklinde tanimlanmaktadir. Bu calismada 15 o&zellik
bulundugundan, 15 6zellik icin 2*> 6rtik sinif mevcuttur. Ozellik olasiliklari Tablo 7’de
sunulmustur.

Analiz sonuglari, en yiliksek 6zellik kazanim olasiliginin “dogal sayilarla toplama ve
¢tkarma islemleri yapma”da (%0,83) oldugunu gostermistir. Bu durum, 5. sinif 6grencilerinin
%83’Unln bu 6zelligi yiksek diizeyde kazandigini ortaya koymaktadir. En disik kazanim orani
ise “bir noktanin konumunu baska bir noktaya gore yon ve birim kullanarak ifade etme”
ozelligine (%59) aittir.

Tablo 7.
Ozelliklerin Olasihklari

Ozellikler Olasiliklari
Ozellik 1. Dogal sayiyi en yakin yiizlere yuvarlama 0.660
Ozellik 2. En fazla 9 basamakli dogal sayilari yazma ve okuma 0.784
Ozellik 3. Dogal sayilarin basamak degerlerini belirleme (en fazla dokuz basamaga kadar) 0.767
Ozellik 4. Dogal sayilarla toplama ve gikarma islemleri yapma 0.829
Ozellik 5. Toplama ve ¢ikarma islemlerinin sonuglarini tahmin etme 0.624
Ozellik 6. En fazla iki basamakli dogal sayilarla carpma islemi yapma 0.771
Ozellik 7. En fazla dort basamakli bir dogal sayiyi en fazla iki basamakl bir dogal sayiya bélme 0.872
Ozellik 8. Zihinden ¢arpma ve bélme islemleri igin uygun strateji kullanma 0.620
Ozellik 9. BéIme isleminde kalani yorumlama 0.610
Ozellik 10. Carpma ve bdlme arasindaki iliskiyi anlayarak eksik elemani (garpan, bélim veya 0.685
bolme) bulma

Ozellik 11. En fazla iki islemi iceren parantezli ifadelerin sonucunu bulma 0.717
Ozellik 12. Dért islemle ilgili metin problemleri ¢6zme 0.665
Ozellik 13. Bir noktanin baska bir noktaya gére konumunu ifade etme 0.590
Oze!lik 14. Dikdortgen, paralelkenar, eskenar dortgen ve yamuk temel elemanlarini tanimlama 0.601
ve gizme

Ozellik 15. Uggen ve dértgenin ig agilarinin toplamini belirleme ve eksik agiyi bulma 0.638

3.2. Ozelliklerin Sinif Olasiliklari
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Tablo 8, 5. sinif 6grencilerine ait 6rnek matematik beceri sinif profillerini géstermektedir.
(1111122111212111) bicimindeki 6zellik deseni, calismada yer alan 15 beceriyi temsil etmektedir.
Bu calismada kullanilan Q matrisi yapisina gore, 2" olasi 6rtik sinif bulunmaktadir.

Tablo 8.
Ornek Ortiik Sinif Olasiliklar

Ortiik Siniflar Olasilik

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0.13
1 1 1 1 1 1 1 1 0 1 1 1 1 1 1 0.05
1 1 1 1 1 1 1 1 1 1 1 1 0 1 1 0.03
1 1 1 1 1 1 1 0 1 1 1 1 1 1 1 0.03
1 1 1 1 1 1 1 1 1 1 1 1 1 0 1 0.02

Beceri sinif profili, 5. sinif 6grencilerinin %12,7’sinin tim becerilere sahip oldugunu
gostermektedir. Bu desen, 5. sinif 6grencilerinin yaklagik %13’Unin 15 becerinin tamaminda
yeterlik gosterdigini ortaya koymaktadir. Diger bir 6zellik deseni olan (111111110111111) ise
ogrencilerin en az bir beceride yeterli olmadigini géstermektedir. Bu desen, 5. sinif 6grencilerinin
yaklasik %5’inin 14 beceride yeterlik gosterdigini ve yalnizca bir beceride yeterlik gostermedigini
ortaya koymaktadir.

4. Tartisma & Sonug

Bu calismanin amaci, Kuzey Kibris'ta uygulanan KGS matematik alt testinin bilissel
yapisini, bir BTM olan DINA modeli araciligiyla incelemektir. Daha once belirtildigi Uzere,
calismada kullanilan bilissel 6zellikler uzman goérisleri dogrultusunda belirlenmistir. Uzmanlar,
KGS'nin program temelli bir 6lgme yapisi olmasina ragmen, bazi 6grenme alanlarinin (6rnegin,
Olcme ve veri) testte temsil edilmemesini elestirmistir. Bu durum, testte yer alan hicbir sorunun
bu 6grenme alanlarindaki 6zelliklerle iliskilendirilmemesiyle sonuglanmistir. S6z konusu bulgu,
test gelistirme sirecinde kapsam gecerligine daha fazla énem verilmesi gerektigine isaret
etmektedir. Bu tir bir tutarsizlik, daha kolay degerlendirilebilen icerik alanlarinin tercih edilmesi,
test gelistirme sirecindeki zaman kisitlamalari ya da sinif ici 6gretim ile sistem diizeyindeki
degerlendirme oncelikleri arasindaki uyumsuzluktan kaynaklaniyor olabilir.

Yapilan analizler, maddelere ait (1-s) degerlerinin olduk¢a vyiiksek oldugunu
gostermistir. Bu bulgu, maddelerin belirlenen bilissel 6zelliklerle dogru sekilde eslestirildigini ve
olusturulan Q matrisin gecerligini desteklemektedir. DINA modeline dayali betimsel istatistikler,
ogrencilerin farkli bilissel 6zelliklerdeki yeterlik dizeylerinin degiskenlik gosterdigini ortaya
koymustur. Ornegin, “dogal sayilarla toplama ve cikarma islemi yapma” (Ozellik 4), en yiiksek
yeterlik olasiligina sahipken (0.83); “bir noktanin baska bir noktaya gére konumunu yon ve birim
kullanarak ifade etme” (Ozellik 13), en disiik yeterlik olasihigina sahiptir (0.59). Bu farkhliklar;
bazi becerilere 6gretim siirecinde yeterince odaklanilmamasi, bazi bilissel 6zelliklerin gérece
daha karmasik olmasi ya da 6grencilerin belirli madde formatlarina asinalik diizeylerinin diisik
olmasi gibi etkenlerle agiklanabilir.

Bu bulgular, 6grencilerin 6grenme sireglerine iliskin ayrintili tanisal bilgiler sunma
noktasinda BTM’lerin degerini pekistirmektedir. Matematik disiplini, coklu bilissel siirecleri
iceren bir alan olup, BTM’ler bu siirecleri geleneksel toplam puanlardan daha ayrintili ve anlamli
bicimde degerlendirme imkani sunmaktadir. Her ne kadar DINA modeli ikili yapisiyla (yeterlik
var/yok) calissa da egitimsel degerlendirmelerde ¢ok boyutlu yapilari analiz etmek agisindan
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oldukga islevsel oldugu gorilmektedir. Bununla birlikte, yakin tarihli c¢alismalar (6rn.
Delafontaine ve ark., 2022; Kalkan & Toprak, 2022), sonuglarin saglamligini artirmak ve model-
veri uyumunu daha kapsamli bicimde incelemek adina birden fazla BTM’nin kullaniimasini
Onermektedir.

Bir diger dnemli husus ise Q matrisinin gelistirilmesidir. Bu ¢alismada Q matrisi uzman
gorisline dayali olarak olusturulmus olsa da literatlir bu slirecin karmasik ve hataya acik
oldugunu ve dogrulugu 6nemli o6lclide etkiledigini vurgulamaktadir (Li ve ark., 2021). Bu
karmasiklik, bilissel 6zelliklerin soyut dogasindan, uzman yorumlarindaki tutarsizliklardan ya da
maddelerin ozelliklerle eslestirilmesindeki 6znel yaklasimlardan kaynaklanabilir. Gincel
arastirmalar, daha glvenilir Q matrisleri olusturmak icin uzman goristnin istatistiksel
iyilestirme yontemleriyle birlestiriimesini 6nermektedir. Buna ek olarak, Stone testi ya da
“Posterior Predictive Model Checking — PPMC” gibi tahmin yéntemleri, model uyumunun
gecerlik analizinde kullanilabilir. Wu ve ark. (2020) ise 6zellikle ylksek zorluk diizeyine sahip
testlerde, bilissel 6zelliklerin ayrinti dlizeyinin tanisal ¢ikarimlarin dogrulugunu nasil etkiledigine
dikkat cekmektedir.

Bilissel Tani modellerinin, DINA modeli de dahil olmak tzere, en blylik avantajlarindan
biri, 6grenci gelisimini ayrintili geri bildirimlerle izleyebilme yetenegidir. Bu modeller, blyik
Olcekli degerlendirmelerde kullanildiginda, vyillar icindeki performans desenlerini ortaya
cikarabilir ve 0©grencilerin spesifik beceri profillerine dayali olarak 6gretim kararlarinin
alinmasina olanak saglar. Bu ozellikleriyle BTM'’ler, 6zellikle bicimlendirici degerlendirme ve
egitim politikalarinin izlenmesi icin olduk¢a uygundur. Bu baglamda, DINA modeli
yorumlanabilirligi ve sadeligi ile 6ne ¢ikarak hem egitim arastirmacilari hem de uygulayicilar igin
pratik bir tercih olarak gorilmektedir.

Ozetle, bu calisma DINA modelinin KGS matematik alt testinin ayrintili bilissel tanisal
analizinde sahip oldugu potansiyeli ortaya koymustur. Sonuglar, BTM’lerin 6grencilerin glgli ve
zayif yonlerini 6zellik diizeyinde belirlemede etkin oldugunu géstermekte olup, bu durum hem
Ogretim tasarimi hem de politika kararlari acisindan kritik Gneme sahiptir. Glincel literatir ayni
zamanda tanisal dogrulugu ve yorumlanabilirligi artirmak icin Q matrisin titizlikle olusturulmasi
ve uygun model se¢imlerinin 6nemine vurgu yapmaktadir. Bu bulgular, yiksek riskli sinavlar
arasinda yer alan KGS gibi testlerde BTM’lerin kullaniminin, daha hedefe yonelik ve adil egitim
destek stratejilerinin gelistirilmesini tesvik edebilecegini gostermektedir

Calismanin bulgulari, Kuzey Kibris Egitim Sistemi’'ne 06zgli birka¢ pratik O©neri
sunmaktadir. Birincisi, sinav gelistiricileri ve mifredat planlayicilarinin, ulusal matematik
mifredati ile KGS gibi zorlu sinavlar arasindaki uyumu artirmalari gerekmektedir. Mifredatin
bazi alanlarinda (6rnegin 6lgme ve veri) sorularin bulunmamasi, bu alanlarda gli¢li olan
ogrencilerin dezavantajli duruma diismesine yol acabilecek bir icerik gecerligi eksikligine isaret
etmektedir. ikincisi, okullar ve egitim yetkilileri, BTM gibi tanisal degerlendirme araclarini
yalnizca yiksek riskli sinavlar icin degil, ayni zamanda diizenli sinif ici degerlendirme siireclerinin
bir parcasi olarak kullanmayi distnebilirler. Bu yaklasim, 6gretmenlerin 6grencilerin belirli
bilissel becerilerdeki yeterliklerini daha iyi izlemelerine ve buna gore 6gretim planlama ve
uygulamalarini uyarlamalarina olanak taniyarak, boélgedeki mevcut maliyetli ve ylksek baskili
sinav hazirlik siireclerine olan bagimhligi azaltabilir.

Etik Komite Onayi: Bu arastirma icin Dogu Akdeniz Universitesi Bilimsel Arastirma ve Yayin Etigi
Kurulundan (06.12.2022-ETK00-2022-0283) etik izin alinmistir.

Hakem Degerlendirmesi: Dis bagimsiz.

Yazar Katkilari: Yazarlar; bu makalenin arastirilmasi, yazarligi ve yayimlanmasi igin esit diizeyde
katki saglamislardir.
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Cikar Catismasi: Yazar(lar); bu makalenin arastiriimasi, yazarligi ve yayimlanmasina iliskin
herhangi bir potansiyel ¢ikar catismasi beyan etmemistir.

Finansal Destek: Yazar(lar); bu makalenin arastirilmasi, yazarhig ve yayimlanmasi igin herhangi
bir finansal destek almamustir.

Yapay Zeka Kullanimi Bildirimi: Yazar (lar), bu makalenin arastiriimasi, yazarligi ve yayinlanmasi
icin Grammarly ve Deepl yapay zeké arac/araclarindan faydalanmistir.
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Highlights

e This study examined the cognitive structure of the mathematics
subtest of the College Entrance Exam (KGS) administered in
Northern Cyprus using the DINA model.

e Theitems aligned well with the skills to be measured, and the test
structure is reliable.

e The constructed Q-matrix accurately reflects the cognitive
structure of the test.

e Descriptive statistics based on the DINA model revealed variability
in students’ mastery levels across different cognitive attributes.

Abstract

Accurate and comprehensive assessment of students' cognitive abilities
is not only important to support individual learning processes, but also
to improve the quality of an education system. In this context, it is
essential to use assessment tools that can help shape educational policy
and improve curricula. This study was conducted to determine the
psychometric characteristics of the CEE mathematics test administered
to 1,833 fifth-grade primary school students in 2021. A cognitive
diagnostic model, namely DINA, was used in this study to achieve the
purpose. The theoretical infrastructure of the DINA model is easy and
strong compared to other models. The Q-matrix was constructed for 23
mathematics questions and 15 attributes were determined based on
expert opinions. The results showed that the mean values of the
parameters g and s were 0.25 and 0.13, respectively. The mean of the
6 values of the fifth-grade students was high (0.73). Skill patterns
showed that 13% of fifth-grade students possessed all the attributes
included in CEE. The construction of the Q-matrix is a very important
step in the use of CDMs. The cognitive attributes and the Q-matrix were
determined by expert opinion in this study. The (1-s) values indicated
the validity of the Q-matrix. For all of the items, 1-s values appeared to
be quite high. This showed that the attainments and item-attainment
relationship were done as accurately as possible. These results can be
interpreted as the validity of the Q- matrix. These results showed that
the DINA model provides a detailed conclusion about students’
attributes.
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1. Introduction

Many cognitive skills can affect student performance in mathematics, such as
recognizing the problem, simplifying and representing the problem, looking for patterns and
relationships, and performing calculations (Burkhardt & Swan, 2012). These cognitive skills can
be divided into four domains: a) core numbers (placing numbers on number lines, estimating a
small number of objects accurately, managing symbols, etc.), b) memory retrieval and
processing (performing mental calculations, remembering theorems and formulas,
remembering procedures, etc.), c) reasoning (decision-making, generalizing, etc.), and d) visual-
spatial organizations (understanding and utilizing the spatial arrangement of mathematical
object representations, analyzing graphs and tables. etc.) (Karagiannakis et al., 2016).
Furthermore, many complex mathematical skills may be associated with more than one domain.

In addition to these cognitive domains, higher-order cognitive skills such as making
complex connections, developing flexible problem-solving strategies and constructing logical
arguments are crucial for success in mathematics. These skills enable students to approach
unfamiliar problems with creativity, justify their arguments and evaluate the effectiveness of
different solutions. This emphazises the importance of integrating higher-order thinking into
both curriculum design and assessment practices (Hidajat, 2020). Since higher-order cognitive
skills vary widely among learners, the assessment of these skills requires a personalized
approach. Personalized assessment methods are important not only to accurately capture the
unique learning profiles of individual students but also to develop targeted instructional
strategies that promote advanced cognitive development. In this context, cognitive diagnostic
models (CDMs) provide a valuable framework for identifying specific strengths and weaknesses
in students’ higher-order thinking and offer more nuanced information than traditional
assessment approaches.

CDMs provide information about students’ cognitive skills. They show students’
cognitive strengths and weaknesses (Leighton & Gierl, 2007) and help to understand their
knowledge structures and abilities. Psychometric models consider students individually, rather
than referring to other students. CDMs measure components necessary for in a particular
domain and integrate the theories of cognition and measurement to support students learning.

CDMs are mainly related to classroom teaching and learning, and processes (Junker &
Sijtsma, 2001; Tatsuoka, 1985). Traditional measurement theory is not fine-grained enough to
evaluate cognitive skills (Li, Ren & Wei, 2021). However, CDMs combine a cognitive process and
measurement method and provide advantages in evaluation. The application of the theory not
only reveals the potential characteristics of learners in cognitive processing but also provides
targeted remedies and strategic guidance for individuals. de la Torre (2009) defines CDMs as
latent variable models developed primarily for assessing student mastery and non-mastery set
of fine-grained skills. In other words, CDMs are developed to identify the presence or absence
of multiple fine-grained skills required for solving problems on a test. An attribute is a very
important concept in cognitive diagnostic assessment (Leighton & Gierl, 2007). Attributes have
been defined as specific objectives or skills. CDMs can be used to identify the skill combinations
that the examinee is likely to either possess or not possess (Su, 2013). The presence and absence
of skills are referred to as skills mastery and non-mastery, respectively, and are represented by
a vector of binary latent variables. Thus, instead of a single score, a profile can be generated for
a student to indicate which skills are mastered and whether they are mastered or not. Therefore,
it can be concluded that CDMs provide the framework that intends to evaluate students’
attributes.

CDMs offer more useful feedback regarding test takers’ mastery or non-mastery of
specific sub-skills than the total scores derived from traditional assessment procedures
(DeCarlo, 2010). These models help identify individuals’ specific strengths and weaknesses,
which can be used to inform classroom instruction and support student learning. Mastery
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testing and mastery-based models provide a statistical framework for making informed
decisions about whether an individual has achieved sufficient competence in a specific domain.
These models are particularly valuable in high-stakes contexts, such as determining whether an
individual should pass a licensure examination or is ready to advance to the next academic level.
However, in many modern assessments, test items are designed to require the application of
multiple, fine-grained cognitive attributes rather than a single skill. This complexity highlights
the limitations of traditional mastery models and underscores the need for more nuanced
diagnostic approaches that can capture the multifaceted nature of student knowledge (Zhang
et al., 2023).

For any CDM, it is important to specify an item-attribute incidence matrix called the Q-
matrix (Tatsuoka, 1983). Q-matrix involves the identification of concepts and procedures, known
as cognitive attributes in general, requisite to observing the accurate performance on individual
test items (Clements et al., 2020). Q-matrix shows the relationship between the items in a test
and the attributes required to respond to the items correctly. It also expresses how each item
on an assessment measures one or more attributes. Therefore, it explicitly coordinates the
components of reasoning, content knowledge, and processing skills on which an assessment is
based (Tatsuoka, 2009). Recent studies have highlighted the importance of improving the Q-
matrix with data-driven techniques alongside expert knowledge, to reduce potential biases and
errors in the attribute identification process (Wang et al., 2023).

The Q-matrix plays a crucial role in ensuring clarity in the assessment process. This clarity
is essential for tools that track student progress and provide insights for instructional strategies
(e.g., formative assessments), item creation (e.g., determining if items assess the intended
content and skills), and curriculum alignment (e.g., verifying if the content and skills align with
required standards for a specific grade or course) (de la Torre et al., 2016). Establishing the
connection between items and attributes requires experts to identify the attributes. However,
recent advances suggest that incorporating both expert judgments and statistical methods in Q-
matrix construction can lead to more accurate diagnostic assessments (Wang et al., 2023). This
dual approach ensures that the Q-matrix more reliably reflects the complex nature of student
knowledge and enhances the validity of cognitive diagnostic models.

In the Q-matrix, row (j) of the matrix represents test items, and column (k) represents
the sub-skills to be measured. Therefore, the Q-matrix results in a j x k matrix. If an item
measures an attribute, “1” is used in the matrix cell. If the attribute is not required by the item
“0” is used in the matrix cell. Each item in the test is arranged to measure one or more of the
specified attributes. Q-matrix can be considered as a kind of association or bridge that describes
the relationship between test items and attributes. The development of the Q-matrix is one of
the most important steps in using any CDM.

By a Q-matrix, 2* latent classes can be formed for k cognitive attributes defined. The
latent classes show which attributes individuals have and which they do not together with
guestions expected to be answered correctly by individuals (Yakar et al., 2021). Each of the
attribute patterns is a separate latent class and they have different structures (de la Torre, Hong
& Deng, 2010). For k = 3, the eight latent classes are shown in Table 1.
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Table 1.

Latent Classes and Their Meanings (for k=3)

Latent Classes Indicating individuals who are...
(000) non-masters of any of the attributes
(100), (010), (001) masters in one of the attributes
(110), (101), (012) masters in two of the attributes
(111) masters in all the attributes

There are a large number of CDMs that have been used in different studies for different
purposes. CDMs are differentiated by reflecting compensatory or non-compensatory
relationships between attributes of an item. In a compensatory model, the mastery of one
attribute can compensate for the lack of other attributes measured by the same item. On the
contrary, in non-compensatory models, the mastery of all the attributes is required to answer
an item correctly (de la Torre, 2011). For all CDMs, it is very important to determine the
attributes included in the test and to make the correct associations between items and
attributes to diagnose individuals correctly.

Some CDMs include (a) the deterministic input noisy “and” gate (DINA) (de la Torre,
2008), (b) generalized DINA (G-DINA) (de la Torre, 2011), (c) deterministic input noisy “or” gate
(DINO) (Templin & Henson, 2006), (d) higher-order DINA (HO-DINA) (de la Torre & Douglas,
2004; de la Torre & Minchen, 2014), and (e) non-compensatory reduced re-parameterized
unified model (NC-RRUM) (Roussos et al., 2007). The DINA (de la Torre, 2008) is a non-
compensatory model, meaning that, under its assumptions, the mastery of one sub-skill cannot
compensate for the lack of another sub-skill measured by the test items (George & Robitzsch,
2015). The DINA model is one of the simplest CDMs, assuming examinees must possess all the
skills required to effectively solve an item, making it a non-compensatory model; lacking one
required attribute cannot be made up for by the presence of other attributes (de la Torre &
Minchen, 2014). In other words, in the DINA model, the absence of one attribute is equivalent
to the absence of all required attributes (Henson & Douglas, 2005).

The interaction between the examinee attributes and item specification defines the
latent response variable. This is also known as the ideal response (Tatsuoka, 1995) and is defined
as

ik
ny= I °<ﬂ](
where ai is the mastery of attribute k (k = 1, - - -, k) for examinee i and g is the state of the j*"
item and k'™ attribute in the Q-matrix. According to the above equality, n; = 1 if and only if
examinee i has mastered all the required attributes for item j.

The DINA parameterizes slipping (s;) and guessing (g;) parameters (Doust et al., 2021). s;
happens when examinees who possess all the required skills for an item miss the item. On the
other hand, g happens when the examinees lack the required skills and still answer the item
correctly. According to Junker and Sijtsma (2001), these parameters are simply “false negative
and false positive rates,” respectively. The slip and guessing parameters are given by the
following formulas, respectively.

sj=P (X;j=0[n;=1), and
g=P (Xj=1[n;=0),
The probability of a correct response can be written as:

P(X;j=1]oci,s;, g )= (1-s;)% (g) "
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where g; and s; are the guessing and slipping item parameters (Minchen & de la Torre, 2018).

Answering an item correctly requires that the examinee possesses all the necessary skills
to avoid slipping and does not have at least one of the required skills to guess correctly. It is
important to note that, in the absence of guessing and slipping parameters, the model
probability of a correct response to an item is either 0 or 1. Templin and Henson (2010) described
the s and g parameters as shown in Table 2.

Table 2.
Response Probabilities in the DINA Model

Xij=1 Xij=0

ni=1 1-s; S

nij=0 g 1-g

Item parameter analysis contains an item discrimination index (IDI- ) to estimate the s
and g index, for each item independently (i.e., 6 =1 - g - s). The 6 indicates how much an item
would be answered correctly by examinees without the effect of g and s parameters.

The DINA model offers several advantages that make it highly useful in cognitive
diagnostic assessments. One of its key strengths is the ability to profile students based on their
mastery of specific cognitive attributes. By identifying which sub-skills a student has mastered,
the DINA model provides teachers with valuable insights into students’ strengths and
weaknesses, allowing for more targeted and effective instructional strategies. Another
significant advantage is the model’s flexibility in handling a wide range of item types, including
multiple-choice questions. This makes it adaptable to different forms of assessments,
broadening its applicability (Liu & Kang, 2023). Additionally, the DINA model is supported by
various software packages, which facilitate the estimation of model parameters and make the
application of the model more accessible to researchers and practitioners (de la Torre et al.,
2022). Finally, by offering a detailed analysis of students’ abilities across different cognitive
attributes, the DINA model allows educators to gain a deeper understanding of individual
learning needs, helping to better support student progress (Wang et al.,, 2023). These
advantages make the DINA model a powerful tool for both assessing and improving student
learning outcomes.

Practical applications of CDMs exist in different areas of assessment, such as language
testing [Li & Suen, 2013; Sawaki et al., 2009], psychology [Tatsuoka, Varadi, & Jaeger, 2012;
Templin & Henson, 2006] and mathematics [DeCarlo, 2011; Whitely & Schneider 1981; Parlak,
2017; Birenbaum et al., 2004; Choi, Lee & Park, 2015; Dogan & Tatsuoka, 2008]. Having a tight
prerequisite relationship of mathematical skills makes it necessary to apply the CDM in testing
these skills. In other words, it is important that educators, curriculum developers, and
policymakers understand what students know and can do in mathematics and what areas,
concepts, and topics need more focus and effort.

There exists a body of research studies that focus on the cognitive analysis of TIMSS
(Trends in International Mathematics and Science Study) mathematics tests [Birenbaum et al.,
2004; Dogan & Tatsuoka, 2008; Choi et al., 2015; Lee & Park, 2015; Parlak, 2018; Terzi & Sen,
2019; Evran, 2019]. Some of these studies compared the cognitive analysis of students in
different countries [Birenbaum et al., 2004; Dogan & Tatsuoka, 2008; Choi, Lee & Park, 2015].
Most of these studies use the DINA model to analyze cognitive diagnostic data in different
educational contexts. They demonstrate the effectiveness of the model as it provides detailed
insights into students’ cognitive strengths and weaknesses and enables a more nuanced
understanding of student performance compared to traditional assessment methods. The study
conducted by Choi, Lee and Park (2015) aimed to analyze the results of the 2003 TIMSS 8" grade
mathematics assessment using the DINA model to provide more specific and actionable
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information about student performance. The study found that the DINA model provides
valuable diagnostic information, particularly when comparing student performance between
the US and Korea, with the DINA discrimination index offering further interpretive possibilities.

In another study conducted by Giindiiz and Cakan (2020), the aim was to investigate the
classification of students based on various attributes using mathematics test data from the
Turkish TIMSS 2015 sample. The DINA model (together with the DINO model) was used in the
study. Four different Q matrices were created based on the content domain (numbers, data
representation, geometric shapes and measures), the levels of the cognitive domain
(knowledge, application, reasoning), a combination of both domains, and the attributes derived
through principal component analysis. The study analyzed the accuracy and consistency of the
classifications made using these Q-matrices. The results showed that the Q-matrix using the
levels of the content area as an attribute dimension provided the best classification.

In her study, Parlak (2023) aimed to investigate the strengths and weaknesses of Year 8
students in mathematics, focusing on knowledge and skills. Using student response patterns
from the TIMSS 2015 8" grade mathematics test and a Q-matrix developed by experts, the study
compared data from students in Turkey and Singapore. The DINA model was used to assess
students’ strengths and weaknesses, regardless of overall score and ranking. Key findings
include Singapore’s poor performance in transformation geometry despite high overall scores
and Turkish students’ difficulties in logical reasoning and open-ended tasks.

These studies highlight the increasing use of the DINA model in educational research,
particularly in mathematics, where understanding students’ cognitive skills is critical to effective
teaching and learning.

1.1.Problem Statement

In the Turkish Cypriot education system, following primary school education, families
tend to prefer Tirk Maarif Colleges for secondary education. These schools provide both
secondary and high school education under the same roof. However, enrolment is conditional:
students who would like to study in these English-medium schools need to take the College
Entrance Examination (CEE), a curriculum-orientated performance test administered to fifth-
grade primary school students. In Maarif Colleges, the medium of instruction is English. These
schools do not charge any fees since they are governed by the state. At the end of their high
school education, students can study in universities in Northern Cyprus, Turkey and other
countries. These colleges are quite prestigious in Northern Cyprus; many students go through a
long and expensive preparation process usually starting from 4" grade.

Each year the CEE is held in two different modules, namely, CEE1 and CEE2. The modules
are generally administered five months apart. The mean score of the results of both modules is
considered in determining student success. Due to the COVID-19 pandemic, the exam was held
once in 2021. The CEE comprises several sub-tests, including Mathematics (27 questions),
Turkish Language (27 questions), Science and Technology (14 questions), Social Sciences (10
guestions) and English Language (22 questions). It is a multiple-choice exam which asks students
to choose the correct answer among a set of four different alternatives that include three
distractors.

The current study aims to investigate the cognitive structure of the CEE by using a CDM,
namely DINA. More specifically, this study investigates the ways of using the DINA model in
defining psychometric characteristics of the CEE mathematics test. By analysing the cognitive
attributes associated with the mathematics sub-test, the study explores how well the test
reflects students’ proficiency in various mathematical areas. In this study, 21 attributes for the
CEE mathematics sub-test were determined. In the related literature, there are different
opinions about the number of attributes. According to Lee et al. (2011), the number of attributes
should be set to 15. On the other hand, Tatsuka (1984, 1990) suggested that at least 8 attributes
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should be defined for determining students’ skills. Since applying all 21 attributes would take
more time and require a broader research project, the researchers focused on 15 attributes
including Natural Numbers, Four Operations with Natural Numbers, Natural Numbers Problems
and Geometry topics within the scope of this study. The objectives of the study are a) to estimate
the CEE mathematics item parameters and b) to study 5"-grade students’ mathematics attribute
mastery levels in the CEE mathematics test.

CDMs measure the multidimensional constructs within practical testing constraints and
support highly specific assessments of mathematical knowledge (de la Torre et al, 2016). The
DINA model was chosen from the CDMs for the purposes of this research. Its theoretical
infrastructure is simple and robust, making it a reliable choice for cognitive diagnostic analysis.
Furthermore, the DINA model allows for a highly specific and detailed assessment of students’
cognitive abilities, offering insight into their individual mathematical competencies. In this study,
the Q matrix was developed by the researchers based on expert opinions as expert opinion is
still the main method for creating Q-matrices in CDM applications. The involvement of expert
opinion ensures the alignment of the attributes with the intended learning outcomes, making
the analysis more grounded in the actual curriculum.

It is very important to determine the learning deficiencies of students in mathematics. The
attribute profile identifies the students’ domain-specific strengths and weaknesses and can help
the teachers make instructional decisions to better address the students’ specific cognitive
needs. As discussed before, CDMs can provide more detailed information in the form of scores
which allow for effective measurement of student learning and progress, design better
instruction, and address individual and group needs (de la Torre, 2009, 2011). Thus, the findings
of this study can help teachers tailor instruction to better meet the diverse needs of students,
improving their learning outcomes in mathematics.

This study is of particular importance as it examines the DINA model in the context of high-
stakes testing, specifically the CEE for 5" grade students in Northern Cyprus. The CEE is not only
a critical milestone in students’ academic careers, but also plays a crucial role in determining
their future educational opportunities. By applying the DINA model to analyze student
performance in the CEE mathematics test, this study aims to provide a deeper understanding of
the cognitive processes involved in the exam and how well the current assessment reflects
students’ actual abilities.

The significance lies in the potential impact on the future design and reform of testing
procedures in Northern Cyprus. As education systems around the world move towards data-
driven, personalized approaches to learning, there is a growing need for assessments that
provide more than a summative score. The DINA model provides a detailed breakdown of the
specific cognitive attributes that students have mastered or are struggling with, allowing
educators to target areas of weakness and develop more targeted interventions. This shift in
assessing students’ abilities could lead to a more nuanced approach to educational testing and
help close students’ learning gaps earlier in their educational careers.

Furthermore, the results of this study could inform decision-making not only in individual
classrooms, but also across the education system, helping to develop more effective,
personalized educational practices that can improve overall student success. In the long term,
this could help policymakers rethink traditional assessment frameworks and explore more
diagnostic and flexible methods of student assessment.

2. Method

The current study was conducted in order to define the psychometric characteristics of
the CEE mathematics sub-test administrated to 1,833 5"-grade primary school students in 2021.
Thus, the test results were used as survey data. In addition, expert opinions were used to create
the Q-matrix model.



785

2.1. Data Collection Tools

The CEE 2021 mathematics test was used for data collection. The test was administered
in 2021 and consisted of 17 pages. The sample of the questions and their attributes in the
mathematics test are presented in Table 3.

Table 3.
Sample of the Mathematics Questions in CEE 2021

Question Attributes

According to the given figure, which number should be written instead

of “K” to satisfy all operations?
e  Performing addition and subtraction

@ o @ = O with natural numbers.
e  Doing multiplication with at most 3-digit

X natural numbers.
e  Finding a missing element (multiplier,
quotient, or division) by understanding

O . . and division.

A)2 B) 8 C) 12 D) 18

the relationship between multiplication

e  Performing addition and subtraction

AA is a two-digit natural number. with natural numbers.

If AA + AA + AA = 132 e  Specifying the digits and place values of
Find 4 + (4 = A). natural numbers (up to nine digits).
A)2 B) 3 C)4 D)5 e Doing multiplication with at most 3-digit

natural numbers.

Fatma does the following division in 4 steps.

What can be said about Fatma's work?

1st Step 2nd Step 3rd Step 4th Step

848) 16 288 16 ggs 16 338 16 338 16 e  Dividing a natural number of up to four
== (5 == |5 =22 |52 =2 1521 digits into a natural number of up to
4 48 48 48 -
-32 -32 two digits.
16 16
-16
0

A) She divided without any error.

B) She made the first mistake in step 2.
C) She made the first mistake in step 3.
D) She made the first mistake in step 4.

2.2. Process and Data Analysis

The study was conducted using the steps involved in creating a CDM using the DINA
model. The researchers used the steps recommended by Shi et al. (2021), namely Q-matrix
evaluation, CDM calibration, model fit evaluation, item diagnostic testing, classification
reliability testing, and result presentation and visualization.

2.2.1. Data and Q-Matrix Preparation

The Q-matrix was created for 23 mathematics questions and 15 attributes. While
creating the Q-matrix for DINA model analysis, the objectives of Natural Numbers, Four
Operations with Natural Numbers, and Natural Number Problems were considered as cognitive
attributes. Researchers carefully discussed every question in the test and determined cognitive
attributes representing topics by examining the 5%"-grade mathematics curriculum. The
researchers constructed the first version of the Q-matrix after this study. According to de la
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Torre and Minchen (2014), although statistical procedures could provide some valuable insights
into the Q-matrix, the appropriateness of the Q-matrix should be carefully assessed by domain
experts. For this purpose, the first version of the Q-matrix was sent to four experts, three
working in the field of mathematics education and one in measurement and evaluation.

The experts were requested to provide comments and suggestions for each attribute in
the Q-matrix. They were asked to rate how well each skill was measured in CEE. Additionally,
the experts offered comments and suggestions for each attribute and, in some instances,
proposed additional attributes for consideration.

After this step, a Q-matrix was created by associating each item with 15 attributes
determined by the experts. The attributes and their frequency for representing items and Q-
matrix are given in Table 4 and Table 5, respectively.

Table 4.

Attributes and Frequencies

Attributes Frequencies
Attribute 1. Rounding a natural number to the nearest hundreds 1
Attribute 2. Writing and reading at most 9-digit natural numbers. 2

Attribute 3. Specifying the digits and place values of natural numbers (up to nine digits).

3
Attribute 4. Performing addition and subtraction with natural numbers. 12
Attribute 5. Guessing the results of addition and subtraction operations. 2
Attribute 6. Doing multiplication with at most two-digit natural numbers. 8
Attribute 7. Dividing a natural number of up to four digits into a natural number of up to two digits. 7
Attribute 8. Using an appropriate strategy for mental multiplication and division. 1
Attribute 9. Interprets the remainder in a division problem. 1
Attribute 10. Finding a missing element (multiplier, quotient, or division) by understanding the
relationship between multiplication and division. 3
Attribute 11. Find the result of parenthetical expressions containing up to two operations. 2
Attribute 12. Solving word problems on four operations. 8
Attribute 13. Expressing the position of a point relative to another point 1
Attribute 14. Identify and draw the basic elements of a rectangle, parallelogram, rhombus and
trapezoid. 1
Attribute 15. Determining the sum of the measures of the interior angles of a triangle and
quadrilateral and finding the missing angle. 1

A total of 54 associations were made for the 23 items. Ten items were associated with
three, eleven items with two, and two items with one attribute in the test.

As shown in Table 5, the Q-matrix indicates the attributes measured by each item. A cell
with the value 1 means that the corresponding item measures the corresponding attribute, and
a cell with the value 0 means the opposite.



787

Table 5.

Q-matrix Constructed by the Experts

IAttetrrr;butNeos - 2 3 4 5 6 7 8 9 10 11 12 13 14 15
1 0 1 0 1 0 0 0 0o o 0 0 0o o 0 o
2 0 1 1 0 0 0 0 0o o0 0 0 0o o0 0 o0
3 0 0 0 1 0 1 0 0o o0 1 0 0o o0 0 o0
4 0 0 0 1 1 0 0 0o o0 0 0 0o o0 0 o0
5 0 0 0 1 1 0 0 0o o0 0 0 0o o0 0 o0
6 0 0 0o o0 0 0 0 0o o0 0 0 0o o0 1 0
7 0 0 0 1 0 1 0 0o o0 1 0 0o o0 0 o0
8 0 0 0 1 0 1 0 1 0 0 0 0o o0 0 o0
9 0 0 0 1 0 1 0 0o o0 0 0 1 0 0 o0
10 0 0 0o o0 0 0 0 o o0 0 0 0 1 0 o0
11 0 0 o o0 0 1 1 0o o0 0 0 1 0 0 o0
12 0 0 0 1 0 0 1 0o o0 0 0 1 0 0 o0
13 1 0 o o0 0 0 1 0o o0 0 0 0o o0 0 o0
14 0 1 o o0 0 0 1 0 1 0 0 1 0 0 o0
15 0 0 0o o0 0 0 0 0o o0 0 0 0o o0 1 0
16 0 0 1 0 0 0 0 0o o0 1 0 1 0 0 o0
17 0 0 0 1 0 0 0 0o o0 0 0 1 0 0 o0
18 0 0 0o o0 0 0 0 0o o0 0 0 0o o0 0o 1
19 0 0 0o o0 0 1 1 o o0 0 0 1 0 0 o0
20 0 0 o o0 0 1 0 0o o0 0 0 1 0 0 o0
21 0 0 1 0 0 0 1 0o o0 0 1 0o o0 0 o0
22 0 0 0 1 0 0 0 0o o0 0 0 1 0 0 o0
23 0 0 0o o0 0 1 1 0o o0 0 0 0o o0 0 o0

2.3. Data Analysis

The CDM package through the Ox Edit programming using DINA (Ma & de la Torre, 2016)
was used to analyze the data. The necessary syntax codes were loaded to be able to analyze the
data by using the DINA model. These syntax codes allow estimating DINA model parameters by
using the program's expectation-maximization EM algorithm. s and g parameters were taken at
different limit values [i.e. 0.05 - 0.40, Henson & Douglas (2005); 0.25 - 0.15, Rupp & Templin
(2008)]. In the current study, s and g parameters levels were interpreted as low and high (0.45
and above was determined as high level, and 0.25 and below as low level).

2.3.1. Model Data Fit Statistics

Model data compatibility of the DINA model was carried out with Test-Level Fit Statistics
analysis. Relative model fit has typically been evaluated using conventional information-based
indices, namely, the AIC-Akaike’s information criterion (Akaike, 1974), the BIC-Bayesian
information criterion (Schwarz,1978).



788

3. Findings

Table 6 presents 5'-grade students’ item parameter estimation results which were
analyzed by using DINA.

The average values of the g and s parameters in the DINA model were 0.25 and 0.13,
respectively. The mean score of the g parameter revealed that 25% of 5™ grade students
answered the items by guessing parameters without possessing all attributes. The probability of
predicting the correct answer by a student who has no idea about the answer was 0.25.
Therefore, it can be said that the mean value of the g parameters is the average value.

The g parameter values varied between 0 and 0.387. Besides, the g parameter values of
items 2, 3,9, 12 and 15 were high. In other words, the probability of answering an item correctly
is high even though a student does not have enough information to respond to these items. It
can be interpreted that students who do not have enough information have a moderate
probability of answering these questions correctly.

Table 6.

Item Parameter Estimates

Item no g SE (g) s SE (s) ) 1-s

1 0.02 0.02 0.14 0.01 0.84 0.86
2 0.19 0.02 0.15 0.01 0.66 0.85
3 0.36 0.02 0.17 0.01 0.47 0.83
4 0.29 0.02 0.14 0.01 0.57 0.86
5 0.32 0.02 0.16 0.01 0.51 0.84
6 0.34 0.02 0.16 0.01 0.50 0.84
7 0.26 0.02 0.00 0.02 0.74 1.00
8 0.39 0.02 0.20 0.01 0.41 0.80
9 0.35 0.02 0.19 0.01 0.46 0.81
10 0.34 0.02 0.20 0.01 0.47 0.80
11 0.00 0.03 0.00 0.02 1.00 1.00
12 0.29 0.02 0.00 0.02 0.71 1.00
13 0.00 0.03 0.00 0.02 1.00 1.00
14 0.35 0.02 0.13 0.01 0.53 0.87
15 0.27 0.02 0.20 0.01 0.53 0.80
16 0.00 0.03 0.00 0.02 1.00 1.00
17 0.34 0.02 0.20 0.01 0.46 0.80
18 0.36 0.02 0.19 0.01 0.45 0.81
19 0.28 0.02 0.14 0.01 0.58 0.86
20 0.24 0.02 0.13 0.01 0.63 0.87
21 0.30 0.02 0.17 0.01 0.54 0.83
22 0.36 0.02 0.22 0.01 0.43 0.78
23 0.18 0.02 0.21 0.01 0.61 0.79

It was observed that the s parameter varied between 0 and 0.22 for each item. The
highest s parameter value was obtained from item 22 (0.22). For other items, the s parameter
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values were low. Items with the lowest s parameters were 7, 11, 12, 13 and 16. When the Q-
matrix was examined, it was observed that these items were associated heavily with
"performing addition and subtraction with natural numbers” and “doing multiplication with at
most two-digit natural numbers” attributes, respectively.

According to de la Torre (2008), 1-s values closer to 0 indicate a misrepresentation of
the attributes of the elements defined by the Q-matrix. In this regard, it means that it is
interpreted as an indicator of the degree of correspondence between the Q-matrix and the
items of the assessment instrument. The current analysis indicated that the 1-s values for the
items varied between 0.78 and 1. The mean for the 1-s values was 0.73. This indicates that the
Q-matrix enables a correct assignment of the items to the attributes required for a correct
answer. When all parameters are evaluated, it can be said that the most ideal items were the
1t 11t 13™ 16%™, and 23 items.

3.1. Skills Probability

The attribute probability follows 24, where “A” demonstrates the number of probability
attributes that examinees possess. The number of attributes in the present study was 15, which
means that there are 2%° latent classes for 15 attributes. The probability of the attributes are
presented in Table 7.

Results of the analysis showed that the highest attribute mastery probability was
“performing addition and subtraction with natural numbers” (0.83). It can be concluded that
83% of the 5™-grade students showed a high mastery proportion of this attribute. The lowest
mastery proportion was attributed to "expressing the position of a point relative to another point
using direction and units" (59%).

Table 7.

Skills Probabilities
Attributes Probabilities
Attribute 1. Rounding a natural number to the nearest hundreds 0.660
Attribute 2. Writing and reading at most 9-digit natural numbers. 0.784
Attribute 3. Specifying the digits and place values of natural numbers (up to nine digits). 0.767
Attribute 4. Performing addition and subtraction with natural numbers. 0.829
Attribute 5. Guessing the results of addition and subtraction operations. 0.624
Attribute 6. Doing multiplication with at most two-digit natural numbers. 0.771
Attribute 7. Dividing a natural number of up to four digits into a natural number of up to two 0.872
digits.
Attribute 8. Using an appropriate strategy for mental multiplication and division. 0.620
Attribute 9. Interprets the remainder in a division problem. 0.610
Attribute 10. Finding a missing element (multiplier, quotient, or division) by understanding the 0.685
relationship between multiplication and division.
Attribute 11. Find the result of parenthetical expressions containing up to two operations. 0.717
Attribute 12. Solving word problems on four operations. 0.665
Attribute 13. Express the position of a point relative to another point using direction and units 0.590
Attribute 14. Identify and draw the basic elements of rectangle, parallelogram, rhombus and 0.601
trapezoid.
Attribute 15. Determines the sum of the measures of the interior angles of triangles and 0.638

quadrilaterals and finds the missing angle
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3.2. Skills Class Profiles

Table 8 shows a sample of 5™-grade students’ mathematics skill class profiles. The
attribute pattern (111111111111111) represents the number of skills in the study (15 skills).
There are 2¥° possible latent classes for the Q-matrix configuration in this study.

Table 8.

Sample Latent Class Probabilities

Mastery Pattern Probability

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0.13
1 1 1 1 1 1 1 1 0 1 1 1 1 1 1 0.05
1 1 1 1 1 1 1 1 1 1 1 1 0 1 1 0.03
1 1 1 1 1 1 1 0 1 1 1 1 1 1 1 0.03
1 1 1 1 1 1 1 1 1 1 1 1 1 0 1 0.02

The skill class profile showed that 0.127 of 5™-grade students possessed all of the
attributes. This pattern showed that %13 5™ grade students possessed all 15 attributes. The
other attribute pattern (111111110111111) indicated that the 5"-grade students lack at least
one skill. This pattern showed that %5 of 5"-grade students possessed 14 skills and that they did
not master one.

4. Discussion & Conclusion

The aim of this study was to investigate the cognitive structure of the CEE maths subtest in
Northern Cyprus using a CDM, specifically the DINA model. As mentioned earlier, the attributes
were determined by expert opinions. One of the major criticisms of the experts was that despite
the curriculum-based nature of the CEE, certain learning areas of the maths curriculum (such as
measurement and data) were not represented in the test. Consequently, no tasks were linked
to attributes from these content areas. This emphasizes the need to pay more attention to
content validity in test construction. Consequently, no items were linked to attributes from
these content areas. Possible reasons for this discrepancy could be the tendency to favor easier-
to-assess content areas or time constraints in test development. In addition, there could be a
discrepancy between the implementation of the curriculum in the classrooms and the
assessment priorities at the system level.

The analysis showed that the (1-s) values of the items were relatively high, indicating that
the items were accurately matched to the intended attributes, supporting the validity of the
constructed Q-matrix. The descriptive statistics based on the DINA model showed different
probabilities of students’ mastery of the different attributes. For example, attribute 4 had the
highest probability of mastery (0.83), while attribute 13 had the lowest (0.59), suggesting
different levels of student performance. This variation may be attributed to factors such as
insufficient instructional emphasis on certain skills, cognitive complexity of specific attributes,
or a lack of student familiarity with particular item formats.

These findings reinforce the value of CDMs in providing fine-grained diagnostic information
about student learning. Mathematics as a discipline involves multiple cognitive processes, and
the CDMs provide a way to assess these processes in a more nuanced and informative way than
traditional total scores. The DINA model, despite its dichotomous nature (mastery vs. non-
mastery), proves useful for analysing multidimensional constructs within educational
assessments. However, recent studies (e.g. Delafontaine et al., 2022; Kalkan & Toprak, 2022)
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recommend including multiple CDMs to improve the robustness of the results and to investigate
model-data fit more comprehensively.

Another important aspect is the development of the Q-matrix. While this study relied on
expert judgment, the literature emphasizes that the creation of the Q-matrix is a complex and
error-prone process that significantly affects diagnostic accuracy (Li et al., 2021). This complexity
may stem from the abstract nature of cognitive attributes, inconsistencies in expert
interpretations, or the inherent subjectivity in mapping items to attributes. Recent research
suggests combining expert opinion with statistical refinement methods to construct more
reliable Q-matrices. In addition, estimation methods such as the Stone test or Posterior
Predictive Model Checking (PPMC) can further validate model fitting. Wu et al. (2020) also
emphasize the importance of attribute granularity and how it affects the accuracy of diagnostic
inferences, especially for tests with a high degree of difficulty.

One of the greatest strengths of CDMs, including the DINA model, is their ability to monitor
student development by providing detailed feedback. When applied to large-scale assessments,
these models can reveal patterns of performance across years and inform instructional decisions
based on students’ specific skill profiles. This makes CDMs particularly suitable for formative
assessment and educational policy monitoring. In this context, the DINA model is characterized
by its interpretability and simplicity, making it a practical choice for educational researchers and
practitioners alike.

To summarise, this study has demonstrated the potential of the DINA model for a detailed
cognitive diagnostic analysis of the CEE mathematics subtest. The results demonstrate the
effectiveness of CDMs in identifying students’ strengths and weaknesses at the attribute level,
which is crucial for both instructional design and policy decisions. Recent literature also
emphasizes the importance of rigorous Q-matrix construction and model selection to improve
diagnostic accuracy and interpretability. These findings suggest that the inclusion of CDMs in
high-stakes tests such as the CEE could promote more targeted and equitable educational
support strategies.

The findings of this study suggest several practical recommendations that are specific to the
Turkish Cypriot education system. Firstly, exam developers and curriculum planners in Northern
Cyprus should ensure better alignment between the national maths curriculum and challenging
examinations such as the CEE. The lack of questions on certain areas of the curriculum (e.g.
measurement and data) indicates a gap in content validity that could penalize students whose
strengths lie in these areas. Secondly, schools and education authorities may consider using
diagnostic assessment tools such as CDMs as part of formative assessment practices, not only
for high-stakes tests but also for regular classroom assessments. This would help teachers to
better monitor students’ mastery of specific cognitive skills and adjust planning and delivery of
instruction accordingly, reducing reliance on costly and high-pressure exam preparation
processes currently prevalent in the region.
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