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GIiRIS

ChatGPT, Biiyiik Dil Modeli (Large Language Model-LLM) tabanli bir yapay zeka sohbet robotu
olup, kullanici girdilerine yanit olarak metin iiretmek icin OpenAl'nin Uretken On Egitimli Déniistiiriicii 3.5
(Generative Pre-trained Transformer 3.5, GPT-3.5) dil modelini kullanmaktadir. Dogal dil isleme (Natural
Language Processing-NLP) alanindaki en gelismis dil modellerinden biri olan GPT-3.5, kitaplar, makaleler,
web sayfalar1 ve sosyal konugmalar gibi gesitli internet kaynaklarindan elde edilen 175 milyardan fazla
parametre ile egitilmistir (Uc-Cetina ve ark., 2023). Bu model, 570 GB boyutundaki bir veri seti ile egitilerek
sorulara yanit verebilmektedir (van Dis ve ark., 2023). Daha onceki yapay zeka araclarinin (6rnegin
Grammarly, rTutor.ai, Research Rabbit gibi) arastirma uygulamalarini doniistiirmekte kullanilmasina ragmen
(Else, 2023), ChatGPT genis ham veri hacmi, 6grenmede kullanilan parametrelerin ¢oklugu, baglama 6zgii
mimarisi ve gelismis denetimli 6grenme gibi 6zellikleri ile 6nceki modellerden ayrilmaktadir (Floridi, 2023;
Susnjak, 2022). Ayrica ChatGPT, mevcut verileri analiz etme ve yeni veriler olusturma yetenegi ile makine
Ogrenimi araglarinin Onceki siiriimlerinden farklidir ve piyasaya siiriildiikten sonraki ilk 5 giin iginde 1
milyon kullaniciya, Ocak 2023 itibariyla ise 100 milyondan fazla kullaniciya ulasarak tarihin en hizl
bliyliyen tiiketici uygulamast olmustur. ChatGPT aymi zamanda kod fiiretimini destekleyen en popiiler
LLM'lerden biridir (Hu, 2023; Aljanabi ve ark., 2023; Feng ve ark., 2023; Khoury ve ark., 2023). ChatGPT
3.5 dogal dil anlama, genis kapsamli veri seti, ¢ok yonlii kullanim alanlari, kullanic1 dostu arayiizii, gelismis
diyalog yetenekleri ve siirekli giincellenen yapisi sayesinde diger yapay zeka modellerine kiyasla istiin
performans sergilemektedir. Bu nedenlerle ChatGPT 3.5 bu ¢alisma igin se¢ilmis ve arastirmacilar ig¢in en
uygun ¢ozim olarak degerlendirilmistir.
Tiim bunlara ragmen ve hizla gelismesine karsin ChatGPT, yanitlarini veri izlerinden olusturan ve mantik
veya akil ylirlitmeye dayanmayan bir yapiya sahiptir; olasiliksal ve rastlantisal (stokastik) bir modeldir ve
egitim setinin kalitesiyle smirlidir (Bender ve ark., 2021; Perrigo, 2023). Ayrica, interneti tarama yetenegi
olmadig1 i¢in, dayandig1 veri ve algoritmalar hatali veya dnyargili oldugunda, iiretilen ¢iktilar da hatali veya
onyargil olma egilimindedir (Deng & Lin, 2022; McGee, 2023; OpenAl, 2023; Ortiz, 2023a; Ortiz, 2023b;
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Yang, 2022). Sadece 2021'e kadar olan verilerle egitildigi i¢in, ger¢ek zamanli bilgiyi otomatik olarak
entegre edememekte ve bu nedenle giincel bilgiye erisememektedir. Ek olarak, dgrencilerin ChatGPT'yi
derinlemesine okuma ve konuyla ilgili elestirel analiz yapmadan dogrudan yanit almak igin kullanmasi,
akademik, profesyonel ve gercek yasam baglamlarinda gerekli olan elestirel diisiinme, problem ¢ézme ve
yaraticilik becerilerini bastirabilmekte (O’Connor, 2023) ve akademik etik ihlallere yol acabilmektedir
(Stokel-Walker, 2022). Diger bir elestiri, ChatGPT'ye asir1 bagimlilik riski, koti niyetli girdilerle
manipiilasyon ve yaygin olarak erisilebilen platformlarda yanlis bilgi veya propaganda yayma potansiyeli
gibi giivenlikle ilgili sorunlar1 icermektedir (Deng & Lin, 2022).

Bu elestirilere yanit olarak, New York Sehri Egitim Departmant ChatGPT'nin kullanimini yasaklamis
(Hirsh-Pasek & Blinkoff, 2023) ve Uluslararas1 Makine Ogrenimi Konferansi (2023) ise kullanimini yalmzca
deneysel analizlerin bir pargasi olarak sinirlandirmigtir. Tiim bu kisitlamalara ragmen, diinyanin en hizli
biiyliyen teknolojilerinden biri olan ChatGPT’nin, bilgiye erisim, 6§renme ve hatta her tiirli isi yapma
bigimimizi kdkten degistirme potansiyeline sahip oldugu agik¢a goriilmektedir ve bu durum, toplumsal bir
doniisiimiin esiginde oldugumuzu diigiindiirmektedir. Bu doniisiim, giderek artan sayida isin tehlikeye
girebilecegi ihtimali (Dwivedi ve ark., 2021) ve bireylerin ¢alisma sistemlerinde yol agacag: degisiklikler
nedeniyle genellikle kullanici direnciyle karsilasmaktadir (Laumer ve ark., 2016). Bu olumsuzluklar ve
dirence ragmen sundugu faydalar, kolay erigilebilirlik ve yaygin kullanimi g6z 6niinde bulunduruldugunda,
ChatGPT'yi yasaklamanin bir ¢6ziim olmayacag1 ongoriilmektedir (Rosenzweig-Ziff, 2023; Springer-Nature,
2023). Teknolojinin potansiyel yikict etkileri kabul edilmekle birlikte, bu yikim ayn1 zamanda toplumu daha
ileriye tasiyabilecek bilimsel ilerlemeler igin bir firsat olarak da goriilmektedir. Bu nedenle, dijital doniistimii
yasaklarla etkisiz hale getirmeye calismak yerine, etkilerini faydali yollarla kontrol etmeye ve entegre
etmeye odaklanmak daha mantikli goriinmektedir. Akademinin dijital bir doniisiim siirecine girmeye
basladig1 géz oniinde bulunduruldugunda, ChatGPT teknolojisinin olumlu yonlerine odaklanmak ve olumsuz
yOnlerini olumlu sonuglara yonlendirmek daha uygun bir yaklagim gibi goriinmektedir.

ChatGPT, genis bir kullanim alanma yayilmis olup bilgi arama, hikdye ve rapor olusturma, bilgisayar kodu
yazma ve diizeltme, makale ve bolim yazma ve Ozetleme (Baidoo-Anu & Ansah, 2023; Else, 2023;
Kundalia, 2023; Rudolph ve ark., 2023; Zhai, 2022), testler yapma, veri isleme ve aciklama gibi 6zelliklere
sahiptir (Hassani & Silva, 2023). Bu ozellikler, bireylerin bilgisayarlarla olan etkilesimlerini olumlu yonde
etkileyebilir (Montti, 2022), 6grencilere 6grenme siireclerini gelistirme ve tiretkenliklerini artirma firsatlar
sunabilir (Dwivedi ve ark., 2021). Ancak, insanlardan farkli olarak ChatGPT, biligsel sinirlar olmaksizin
zekasim genisgletebilmesine ragmen egitim verilerinin dar alanlara veya disiplinlere sinirli olmasi nedeniyle
insanlar kadar uzmanlagmis bir zekaya sahip olmayabilir. Bu baglamda, kullanicilarin ChatGPT'yi nihai bir
kaynak olarak gormemesi; aksine fikirleri tartigmak ve bakis acilarin1 genisletmek igin bir arag olarak
kullanmasi gerekmektedir. Bu yaklagim, insan-makine hibrit ¢aligma firsatlari sunan ve insan uzmanliginin
ChatGPT'yi yonlendirdigi yeni bir is birligi tiirli sayesinde yapay zekadan daha iyi sonuclar elde edilmesine
yol agabilir (Mollick, 2022; van Dis ve ark., 2023). Bunun i¢in dncelikle yapay zekanin hibrit ekiplerdeki
potansiyelinin anlagilmas: gereklidir. ChatGPT nin 6nyargili ¢iktilar iiretebilecegi ve verilerin gercekligini
dogrulayamayacagr goz oOniinde bulunduruldugunda, temel aragtirmaci gorevleri olan veri analizi,
yorumlama ve sonug ¢ikarma gibi siireclerin yerine ge¢mesine izin verilmemeli; destekleyici bir ara¢ olarak
kullanilmasi saglanmalidir (Elsevier, 2023).

ChatGPT'nin dijjital izlerden bilimsel bilgi trettigi diisiiniildiigiinde, 6zellikle karmagik gorevlerde insan
miidahalesi olmadan tek basina ilerleyemeyecegi (Biswas, 2023) ve sorumlulugun tamamen kullaniciya ait
oldugu unutulmamalidir. Bu baglamda, kullanicilarin dogru sorulart sorma gerekliligini ve yanitlarin
kalitesini degerlendirme ihtiyacini anlamasi, uzmanliklar1 arttikga ChatGPT’den elde ettikleri bilginin
kalitesinin ve ¢iktilar1 yorumlama becerilerinin de artacagini fark etmesi gerekmektedir. Ayrica, elde edilen
katkilar1 elestirel bir sekilde degerlendirmek, dogrulugunu farkli kaynaklardan arastirarak teyit etmek veya
incelemeler dogrultusunda gerekli diizenlemeleri yapmak da kullanict sorumlulugu kapsamina girmektedir.
ChatGPTnin kullanici sorumlulugu cergevesinde kullanilmasiyla, kullanicilarin bilgiye hizli bir sekilde
erismesi ve siradan, tekrarlayan gorevleri yerine getirmesi konusunda yardimci olacagi diisiintilmektedir.
Bunun sonucunda, kullanicilar daha iist diizey becerilere odaklanarak daha tiretken ve siire¢ de daha verimli
bir hale gelebilir. ChatGPT nin egitim alanindaki katkilarinin da giderek artmakta oldugu ve egitimin onlarca
yildir teknolojiye paralel olarak yeniden tasarlandigi (Baidoo-Anu & Ansah, 2023; Huang, 2019) g6z 6niine
alindiginda, bu doniistime hizla uyum saglamak biiyilk 6nem tasimaktadir. Bu baglamda, bir¢ok alanda
kullanilan ChatGPT’nin potansiyelini ve sinirliliklarimi ortaya koymak gereklidir. Bu genis uygulama
alanlarindan biri yazilim ve programlama alanidir. ChatGPT, bilgisayar programlama, programlama dilleri,
algoritmalar ve veri yapilar gibi karmasik konularda rehberlik saglayarak kullanicilarin teknik sorunlar
anlamalarina ve ¢ozmelerine yardimci olmaktadir. Bu alanlarda genis bir yelpazede yetenekler sunan
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ChatGPT, yazilim tasarimi, olusturma, gelistirme, test etme ve bakim siire¢lerini kolaylastirabilir; ayrica kod
yazma, tamamlama, diizeltme, tahmin etme ve hata ayiklama gibi islevleri yerine getirebilir. Programlama
zorluklarma iliskin sorular1 yamitlarken mantiksal tutarliligi siirdiirebilen ChatGPT, kod {iretiminde
olaganiistii 6zelliklere sahiptir (Chen ve ark., 2023; Dong ve ark., 2023; Liu ve ark., 2023; OpenAl, 2022;
OpenAl, 2023). ChatGPT'nin bu 6zellikleri sayesinde, arastirmacilar kod kalitesini artirabilir, zaman ve
emek tasarrufu saglayarak biligsel yiiklerini azaltabilir ve daha yaratict ¢alismalara odaklanarak tiretkenligi
artirabilir (Jaber ve ark., 2023; Biswas, 2023; Chen ve ark., 2022). Bu olumlu 6zellikleriyle ChatGPT,
yalnizca dogal dille sinirl degildir; C++, C#, Java, Python, R gibi ondan fazla programlama ve sorgulama
dilinde iletisim kurabilmektedir (Feng ve ark., 2023). Bu yonde yapilan arastirmalar incelendiginde,
yazilimla ilgili ¢alismalarin (Adamson & Bégerfeldt, 2023; Biswas, 2023; Jaber ve ark., 2023), ChatGPT'nin
kod {tiretimi ve hata ayiklama gorevleri, verimliligi ve dogrulugu iizerine arastirmalarin (Aljanabi ve ark.,
2023; Bang ve ark., 2023; Feng ve ark., 2023; Hansson & Ellréus, 2023; Kashefi & Mukerji, 2023; Sakib ve
ark., 2023; Sobania ve ark., 2023; Surameery & Shakor, 2023; Tian ve ark., 2023; White ve ark., 2023)
mevcut oldugu; ancak veri iiretimindeki etkinligini inceleyen bir ¢alismaya rastlanmadigi goriilmektedir.
Teknolojinin hizla ilerlemesi, bilimsel ¢alismalarin sayisini artirmakta ve gesitli alanlarda yeni yontemlerin
ortaya ¢ikmasini saglamaktadir. Bu yeni yontemlerin etkililigini degerlendirmek i¢in genellikle simiilasyon
caligmalar1 yapilmakta ve bu ¢aligmalar, 6nceki yontemlerle karsilagtirmalari igermektedir. Ayni zamanda,
bu yontemlerin farkli kosullar altinda islevselligini gostermek icin bazi kosullarin sabit tutulup digerlerinin
degistirildigi deneysel calismalara ihtiyag duyulmaktadir. Bu deneysel calismalar1 gergeklestirmek igin
oncelikle belirtilen kosullar altinda veri liretilmesi gerekmektedir. Egitim bilimlerinde veri iiretimi genellikle
Madde Tepki Kurami'na (MTK) uygun olarak gerceklestirilmektedir. MTK, bireylerin yeteneklerini ve
testlerdeki performanslarin1 daha dogru bir sekilde degerlendirmek i¢in kullanilan bir istatistiksel modelleme
gergevesidir,. MTK’nin Onemi, kisisellestirilmis Ol¢iim sunma, test maddelerinin zorluk seviyelerini
belirleme, ayrintili madde analizleri yapma ve testlerin gegerligini ve giivenilirligini artirma yeteneginde
yatmaktadir. Ayrica, MTK’nin kapsamli, esnek, yiiksek ¢oziiniirliiklii veri analizi yetenekleri ve veri iiretim
siireglerinde sagladigi avantajlar nedeniyle sikca tercih edildigi bilinmektedir. Bu nedenlerle MTK, egitim
bilimleri ve psikometrik degerlendirmelerde tercih edilen bir yontemdir. MTK, bir bireyin bir madde
tizerindeki performans olasiligina, bireyin yetenegi temelinde odaklanmaktadir. Model-veri uyumu yoluyla
dogrulanabilir olan MTK modelleri, giiclii grafiksel ve matematiksel yonlere sahiptir (DeMars, 2010). Son
yillarda, popiiler programlama dilleri arasinda yer alan R programlama dili, MTK ile ilgili veri iiretiminde
kullanilmaktadir. R dilinin ChatGPT 3.5 tarafindan desteklendigi bilinmektedir (Feng ve ark., 2023). Bu
baglamda, bu ¢alisma, R dilini kullanarak MTK tabanli veri {iretimi i¢in kod yazma konusunda ChatGPT
3.5’in ne kadar etkili oldugunu belirlemeyi amaglamaktadir. Bu ¢aligmanin, egitimde 6lgme alanina ve yapay
zekanin veri liretimindeki uygulamalarina birgok dnemli katki saglamasi ve ileri bir dil modeli olan ChatGPT
3.5'in MTK i¢in veri liretim algoritmalar1 gelistirme potansiyelini gdstermesi beklenmektedir. Bu yenilikgi
yaklagimla, yapay zekanin egitim ve psikolojik Ol¢iimlerde aragtirmacilara nasil yardimci olabilecegine ve
egitim verilerini simiile etme yetenegine dair yeni bir bakis agisi sunmasi beklenmektedir. Hizla gelisen
teknolojik bir ortamda, bu calisma, ChatGPT 3.5 gibi yapay zekd araglarinin arastirma metodolojilerine
entegrasyonunun Onemini vurgulamaktadir. Bu kapsamda, ChatGPT 3.5’in bu alandaki etkinligini
degerlendirmek igin iiretilen veri setleri, olusturulan simiilasyon tasariminda belirtilen kosullari ne 6l¢iide
kargiladigini ve bu veri setlerinin gergekten amaglandigi sekilde tretilip {iretilmedigini gérmek icin analiz
edilmistir. Ayrica, ChatGPT 3.5 algoritmalartyla iiretilen veri setleri, aragtirmacilar tarafindan gelistirilen
algoritmalarla {iretilen veri setleriyle karsilastirilmistir. Bu baglamda, bu ¢alismada, ChatGPT 3.5 tarafindan
tiretilen veri setlerinin gecerligi, tek boyutluluk, yerel bagimsizlik ve model-veri uyumu gibi temel MTK
varsayimlart dikkate alinarak kapsamli bir sekilde ele almmistir. Bu dogrultuda, su arastirma sorulari
incelenmistir:

ChatGPT 3.5 algoritmalari kullanilarak Iki Parametreli Lojistik Madde Tepki Kurami Modeline (2PLM) gére
iiretilen veri setleri igin;

* 2PLM ile tek boyutluluk, yerel bagimsizlik ve model-veri uyumu varsayimlarini sagliyorlar mi?
* Simiilasyon tasariminda belirtilen araliklarin diginda kalan madde parametrelerinin sayisi nedir?

» Madde parametrelerinin yanlilik ve RMSE degerleri nedir?
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YONTEM
Arastirma Deseni

Bu galigmada, veri iiretimi igin ¢ farkli algoritma kullanilmis ve bu algoritmalarla iiretilen veri
setlerinin simiilasyon deseninde belirtilen kosullar1 ne 6l¢iide karsiladig1 incelenmistir. R dilinde gelistirilen
algoritmalardan ikisi Ekim 2023'te ChatGPT 3.5 tarafindan iiretilirken, iiclincii algoritma arastirmacilar
tarafindan gelistirilmistir. Bu algoritmalar kullanilarak veri setleri iiretilmis ve ardindan iiretilen veri
setlerinin gecerlik incelemeleri gerceklestirilmistir. Bu yoniiyle ¢aligma, deneysel bir nitelige sahiptir (Morris
ve ark., 2017).

Simiilasyon Deseni

Bu calismada, 6nceki simiilasyon ¢alismalarinda kullanilan (Cohen ve ark., 1996; Li ve ark., 2012)
Monte Carlo simiilasyonu, ChatGPT 3.5’in veri iretimindeki gecerligi iizerindeki farkli kosul
degisikliklerinin etkilerini arastirmak i¢in uygulanmigtir. Monte Carlo yaklasimi, parametre tahminlerinin
dagilimlarinin elde edilmesine olanak tanir ve tek bir veri setinden mantiksiz sonuglar ¢ikarma olasiligini
azaltir. Bu baglamda, ger¢ek parametreleri yeniden ornekleme amaciyla birden fazla tekrar (replikasyon)
gergeklestirilmistir (Harwell ve ark., 1996). Bu calismada, dogru ve giivenilir parametre tahminleri igin
Onerilen tekrar sayisi (Feinberg & Rubright, 2016) dikkate alinmig ve belirtilen simiilasyon kosullarina gore
her bir veri seti i¢in 100 tekrar yapilmistir. Simiilasyon tasariminda kullanilan sabit ve degisken kosullar,
simiilasyon c¢aligmalarinda yaygin olarak kullanilan mantik ve literatiirdeki referanslar temel alinarak
belirlenmigtir. Caligma, R programlama dilinin 4.3.2 siriimii kullanilarak yiriitilmistiir. Calismada
kullanilan tiim deneysel kosullar Tablo 1'de sunulmaktadir.

Tablo 1
Simiilasyon Deseni

Kosullar Diizeyler Diizey Sayisi
Sabit Kosullar MTK Model Tek Boyutlu 1

2PL

Yetenek (0) -3<6<3 1

Madde Ayirt Ediciligi (a) 1<ax2 1

Madde Giigliigii (b) -2< b2 1
Degisen Kosullar Madde Numarasi (k) 20, 40 2

Orneklem Biiyiikliigii (n) 500, 2000 2
Toplam Kosul Sayisi 2x2=4
Tekrar Sayist 100
Toplam Veri Setleri 4x100=400

Tablo 1 incelendiginde, ¢alisma kapsaminda ikili (0-1) puanlanan maddeler i¢in tek boyutlu veri iiretimi
amaciyla farkli kosullarin dikkate alindig1 goriilmektedir. MTK modeli, ikili (0-1) puanlanan maddeler igin
madde giiclik ve aymrt edicilik parametrelerini ayri ayri ele alabilme yetenegi nedeniyle 2PLM’yi
kullanmaktadir (DeMars, 2010). Birey yetenek parametresi genellikle ortalamasi 0 ve standart sapmasi 1
olan normal dagilimdan ¢ekilmektedir (Feinberg & Rubright, 2016). Bu yaklasim, simiilasyon ¢aligmalarinda
dogru parametre tahminleri elde etmek icin yaygin olarak kullanilmaktadir. Madde ayurt edicilik
parametreleri, literatiire gére 2PLM tahminleri i¢in daha uygun kabul edilen, minimum 1 ve maksimum 2
arasinda degisen tek bigimli (uniform) bir dagilimdan belirlenmistir (Dekker, 2004; Hambleton ve ark.,
1991). Madde giicliikk parametreleri ise literatiire gore 2PLM tahminleri i¢in uygun kabul edilen, minimum -2
ve maksimum 2 arasinda degisen tek bigimli bir dagilimdan belirlenmistir (DeMars, 2010). Monte Carlo
caligmalari, dogru madde parametre tahminleri i¢in minimum 20 madde gerektigini gdstermektedir (De
Ayala, 2013). Bu nedenle kisa testler igin 20 madde, uzun testler i¢in ise 40 madde segilmistir. Ayrica,
simiilasyon c¢aligmalarinda o6rneklem biyiikliigliniin parametre tahminlerinin dogrulugunu artirdig
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bilinmektedir. Bu nedenle, kii¢iik 6érneklemler igin 500, biiyiikk érneklemler igin ise 2000 kisilik 6rneklem
biiytklikleri se¢ilmistir (Stone, 1992).

Birinci ve ikinci algoritmalar (Al ve A2), veri lretimi i¢cin ChatGPT 3.5 tarafindan verilen komutlar
(promptlar) araciligiyla gelistirilmistir. ChatGPT 3.5'e yeni algoritmalar {iretmesi i¢in farkli komutlar
verilmisg, ancak iiretilen algoritmalarin A1 ve A2’den farkli olmadiginin belirlenmesi {izerine ChatGPT 3.5
ile algoritma gelistirme siireci sonlandirilmigtir. A1 ve A2 i¢in kullanilan komutlar Ek 1 ve Ek 2'de
verilmistir. Veri liretimi igin kullanilan tiglincii algoritma (A3), R dilindeki 'mirt' paketi (Chalmers, 2012)
kullanilarak arastirmacilar tarafindan gelistirilmistir. Gelistirilen ii¢ algoritmaya ait kodlar sirastyla Ek 3, Ek
4 ve Ek 5’te yer almaktadir. Veri iiretim asamasinda, gelistirilen algoritmalar R ortaminda ¢aligtirilmis ve
simiilasyon desenindeki kosullar dikkate alinarak her biri i¢in 100 tekrarli veri setleri tiretilmistir. Sonug
olarak, 2 farkli test uzunlugu (20, 40), 2 farkli 6rneklem biiytikligi (500, 2000) ve 100 tekrardan olusan
toplam 2x2x100=400 farkli veri seti iiretilmistir.

Verilerin Analizi

Aragtirma kapsaminda, A1, A2 ve A3 algoritmalariyla sirastyla iiretilen veri setlerinin, tek boyutlu
2PLM’ye 0zgii varsayimlart (tek boyutluluk, yerel bagimsizlik, model-veri uyumu) karsilamasi
beklenmektedir, ¢iinkii bu veri setleri s6z konusu modele uygun olarak {iretilmistir. Aksi takdirde, tretilen
veriler planlanan veri iiretim senaryosuna uygun olmayacak ve dolayisiyla elde edilen sonuglar hatali
olacaktir. Ayrica, iretilen veri setlerinde tahmin edilen parametrelerin, veri iiretiminin dogrulugunu
gostermek amaciyla simiilasyon deseninde belirtilen kosullart karsilamasi gerekmektedir. Bu nedenle,
iiretilen veri setlerinin MTK varsayimlarina uygunlugunu ve parametrelerin simiilasyon deseninde belirtilen
kosullart karsilayip karsilamadigini kontrol etmek ilk adimdir ve bu amag¢ dogrultusunda asagidaki
incelemeler gergeklestirilmistir.

Veri Setlerinin Tek Boyutluluk Incelemesi

Tek boyutluluk varsayimini incelemek i¢in R programlama dilinde bulunan 'psych' (Revelle, 2020)
ve 'sirt' (Robitzsch, 2019) paketleri kullanilarak Ag¢imlayici Faktor Analizi (AFA) gerceklestirilmistir. Bu
baglamda, ikili (1-0) puanlanan veri setlerine uygun olan 'tetrachoric korelasyon matrisleri' tim veri setleri
icin olusturulmustur. AFA varsayimlari kapsaminda, Kaiser-Meyer-Olkin (KMO) ve Bartlett testlerinin
sonuglar incelenmistir. Hem A3 algoritmasiyla hem de ChatGPT 3.5 algoritmalar1 (Al ve A2) yardimiyla
iiretilen veri setlerinde, KMO test sonuglarinin her bir kosulda 0.87’den biiyiik oldugu ve Bartlett testlerinin
anlamli oldugu (p<.05) goriilmiistiir. Tek boyutluluk varsayiminin saglanmasinin ardindan, faktér sayisi
Horn’un 'Paralel Analiz' yontemi (Horn, 1965) ile belirlenmistir. Faktor ¢ikarma islemi igin 'psych’
paketindeki 'fa.parallel' fonksiyonu kullanilmig; faktorlere iliskin 6zdegerler ve scree plot grafikler
incelenmistir. Faktor sayisina karar verirken faktor yiiklemeleri, agiklanan varyans oranlari ve scree plot
grafikleri dikkate alinmistir.

Veri Setlerinin Yerel Bagimsizlik Incelemesi

MTK’nm yerel bagimsizlik varsayimi, bireylerin yetenekleri kontrol edildiginde madde yanitlarinin
birbirinden bagimsiz olmasi gerektigini belirtir (DeMars, 2010). Bu varsayim, Yen’in Q3 testi (Yen, 1984)
kullanilarak kontrol edilmistir. Yerel bagimsizlik varsayimini dogrulamak icin, R dilindeki 'subscore'
paketinden (Dai ve ark., 2022) 'Yen.Q3' fonksiyonu kullanilmigtir. Yen (1984) tarafindan belirlenen,
problemli maddelerin artiklar arasindaki korelasyonlarinin 0.20'yi agmas1 durumunda yerel bagimsizlik ihlali
oldugu kosuluy, ihlalleri belirlemek i¢in kriter olarak alinmistir.

Veri Setlerinin Model-Veri Uyumu Incelemesi

Uretilen veri setlerinin 2PLM ile uyumunu kontrol etmek i¢in M2 istatistiginin anlamlilik diizeyleri
incelenmistir. Gozlenen ve beklenen marjinal olasiliklar arasindaki artiklar kullanilarak olusturulan M2
istatistigi anlamli degilse, veri setinin modelle uyumlu oldugu kabul edilmektedir (Maydeu-Olivares & Joe,
2006). M2 istatistiginin anlamliligin1 kontrol etmek icin R programlama dilindeki 'mirt' paketinden
(Chalmers, 2012) 'M2' fonksiyonu kullanilmistir. Ayrica, model-veri uyumunun degerlendirilmesinde,
yuvalanmis MTK modellerinin (1PL, 2PL, 3PL) '-2 log-likelihood' degerleri ve anlamliliklar1 dikkate

891



Trakya Egitim Dergisi, ¥5(2) 2025,887-918

almmustir (Thissen & Steinberg, 1986). Modelleri karsilastirmak i¢in R programlama dilindeki 'anova'
fonksiyonu kullanilmigtir.

Belirtilen Araliklar I¢inde Kalan Madde Parametrelerinin Sayist

Uretilen veri setlerindeki madde ayirt edicilik (a) ve madde giigliik (b) parametrelerinden kag
tanesinin simiilasyon deseninde belirtilen kosullar1 karsiladigi belirlenmistir. Bu baglamda, aragtirmacilar, R
programlama dilinde belirtilen araliklarin disinda kalan parametrelerin sayisini tespit etmek icin sayaclar
olusturmustur. Arastirmada degisen madde sayilar1 ve tekrar sayilar1 gz onilinde bulundurularak, 20 madde
icin 20x100=2000 ve 40 madde i¢in 40x100=4000 durumda, belirtilen araliklarin diginda kalan madde
giicliik ve madde ayirt edicilik parametrelerinin sayist tespit edilmistir.

Madde Parametrelerinin Yanlhlik ve Hata (RMSE) Degerleri
Simiilasyon deseninde belirtilen kosullar dikkate alinarak {iretilen veri setlerindeki madde

parametrelerinin yanlilik ve hata (RMSE) degerlerini degerlendirmek i¢in, Denklem 1 ve 2'de yer alan
formiiller kullanilmistir.

KXo X)
K

, K (Xi_X)?
RMSE = % (2)

Denklem 1 ve 2°de, X; madde i icin parametreyi (i = 1,2, ...,K) , X; gercek parameter tahminini, K
ise madde sayisini ifade etmektedir. Yanlilik ve RMSE degerleri, 100 tekrarli veri setlerindeki her bir kosul
icin hesaplanmis ve ardindan ortalamalar1 alinmistir.

Yanlilik = @Y

BULGULAR

Bu boliimde, arastirma kapsaminda elde edilen bulgular sunulmaktadir. Calismada, simiilasyon
deseninde belirtilen kosullara dayali olarak, 2PLM igin {i¢ farkli algoritma (A1, A2 ve A3) kullanilarak veri
iiretimi gergeklestirilmistir. Uretilen veri setlerinin belirtilen simiilasyon kosullarini ne 6lciide karsiladigini
belirlemek amaciyla incelemeler yapilmistir. Bu incelemelerin sonuglar1 Tablo 2'de gosterilmektedir.

Tablo 2

Veri Setleri Uzerine Yapilan Analizlerin Sonuclar
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1 Al 20 500 1 1 @4 13 0 2PL 1549 0 1.201 -0.093 2.108 1.145
X 2) (%0)* (TT)**  (%0)*+*
2 A2 20 500 1 1 - 5 2PL 241 632 0.012 0.206 0.21 1.936
(%5) (%12) (%32)
3 A3 20 500 1 1 - 4 2PL 222 86 (%4) 0.018 0.04 0.189 0.137
(%4) (%11)
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4 AL 20 2000 1 1@ 2 4 2PL 1580 0  (%0) -1.227 0397 2091 1.037
x 2) (%4) (%79)

5 A2 20 2000 1 1 - 4 2PL 78 (%3) 661 0 0407  0.103 2.042
(%4) (%33)

6 A3 20 2000 1 1 - 4 2L 84 45 (%2) 0007 -0.288  0.093 0.057
(%4) (%4)

7 AL 40 500 1 1 9 4 2PL 3129 0 (%0) -1.297 -0013 2142 1215
(%4) (%78)

8 A2 40 500 1 1 - 4 2PL 495 1280 0019 -0.073 0198 2.093
(%4) (%12) (%32)

9 A3 40 500 1 1 - 7 2PL 427 173 (%4) 0013 0012 0.83 0.159
(%7) (%11)

10 AL 40 2000 1 1 - 6 2PL 3181 0 (%0) -1271 0421 216 1.155
(%6) (%79)

11 A2 40 2000 1 1 - 2 2PL 135 (%3) 1248 0003 -0.186 0.095 2.133
(%2) (%31)

12 A3 40 2000 1 1 - 7 2PL 144 (%4) 79 (%2) 0002 0086 0.09 0.077
(%7)

* Uyum ihlali yilizdesi ** Aralik diginda kalan a parametresinin yiizdesi *** Aralik disinda kalan b parametresinin yﬁZdeSi

Tablo 2’de goriildiigii gibi, madde sayisinin 20 oldugu tiim kosullarda, AFA analizinin 100 tekrarli veri
setlerinde baskin bir tek boyut bulundugunu gosterdigi tespit edilmistir. Paralel analizde ise yalnizca yapay
zeka (YZ) algoritmasinda, iki kosulda (20 madde ve 500 érneklem ile 20 madde ve 2000 érneklem) 4 veri
setinde iki faktorlii bir yap1 belirlenmistir. Madde sayisinin 40 oldugu tiim kosullarda hem AFA hem de
Paralel Analiz sonuglar1 tek faktorlii bir yapiy1 desteklemektedir. Sonug olarak, kiigiik ihmal edilebilir
istisnalar disinda, ChatGPT 3.5 algoritmalartyla iiretilen veri setlerinin beklendigi gibi tek boyutlu oldugu
sOylenebilir. Tablo 2 incelendiginde, yerel bagimsizlik varsayiminin ihlallerinin yalnizca ChatGPT 3.5 Al
algoritmasinda bazi durumlarda goriildiigii gézlemlenmistir. Bu algoritmada, yerel bagimsizlik ihlalleri, 20
madde ve 500 6rneklem igin 100 veri setinden 13’{inde, 20 madde ve 2000 6rneklem igin 2 veri setinde ve 40
madde ve 500 6rneklem igin 9 veri setinde tespit edilmistir. Bu noktada, yerel bagimsizlik ihlali olan veri
setlerinin bulunmamasi dikkate alindiginda, ChatGPT 3.5 A2 algoritmasi ve A3’iin daha basarili oldugu
sOylenebilir.

Tablo 2 incelendiginde, M2 istatistiginin anlamlilik kontrollerine goére, model-veri uyumunu saglamayan veri
setlerinin oraninin tiim algoritmalar i¢in %0 ile %7 arasinda degistigi gdzlemlenmistir. 20 madde ve 500 drneklem
biiytikligii kosullarinda, en iyi model-veri uyumu Al ile saglanmis ve hi¢bir uyum ihlali tespit edilmemistir (%0).
Toplam madde sayisinin 40 ve 6rneklem biiyiikliigiiniin 2000 oldugu kosullarda, en az model-veri uyumu ihlali
(%2) A2 ile gozlemlenirken, en fazla ihlal (%7) A3 ile ger¢eklesmistir. Ayrica, yuvalanmis model uyumu dikkate
alindiginda, tiim kosullarda veri setlerinin 2PL modeli ile daha iyi uyum sagladigi belirlenmistir. Genel olarak,
ChatGPT 3.5 algoritmalarinin (A1 ve A2), veri setlerinin 2PL modeli ile uyumu agisindan, arastirmacilar tarafindan
gelistirilen A3 algoritmasi kadar basarili oldugu séylenebilir.

Ayrica, simiilasyon deseninde belirtilen araliklara uygun olarak parametre a i¢in veri {iretiminin, tiim kosullarda
ChatGPT 3.5 A2 ve arastirmacilar tarafindan gelistirilen A3 ile basarili bir sekilde gergeklestirildigi goriillmektedir.
Ancak, ChatGPT 3.5 Al'in parametre a i¢in belirtilen araliklar iginde veri liretme konusunda oldukga zayif oldugu,
iiretilen a parametrelerinin biiyiik bir kisminin (%77-%79) belirtilen araliklarin disinda kaldig1r gézlemlenmistir.
Orneklem biiyiikliigiiniin 500 oldugu tiim kosullarda, A3, parametre a igin belirtilen araliklarin disinda en az veri
lretimi oranmi gosterirken, orneklem biyikliginin 2000 oldugu kosullarda en diisiik sapma orani A2 ile
gOrilmustlir. Parametre b igin, belirtilen araliklar iginde en iyi veri {iretimi Al ile gergeklestirilmis, bunu yakindan

893



Trakya Egitim Dergisi, ¥5(2) 2025,887-918

A3 takip etmistir. Ancak, A2, parametre b icin belirtilen araliklar i¢inde veri iiretimi konusunda zayif kalmis ve b
parametrelerinin bir kismi (%31-%33) belirtilen araliklarin diginda kalmistir. Sonug olarak, MTK varsayimlarini
karsilamada basarili olmasina ragmen, ChatGPT 3.5 algoritmalartyla iiretilen veri setlerinde, madde parametre
tahminlerinin simiilasyon deseninde belirtilen kosullar1 karsilama konusunda A3'e kiyasla daha fazla zorluk
yasadig1 sOylenebilir.

Yanlilik ortalamasi agisindan, tiim kosullarda parametre a i¢in en diisiik yanlilik ortalamasinin Al'de oldugu, A2 ve
A3’lin benzer degerler lrettigi gozlemlenmistir. Toplam madde sayisimin 20 ve Orneklem biiytlikligiiniin 500
oldugu kosulda, parametre b icin en diislik yanlilik ortalamast Al’de iken, diger tiim kosullarda bu deger A2’de
goriilmiistiir. Orneklem biiyiikliigiiniin 2000 oldugu kosullarda, en yiiksek yanlilik ortalamasi A1 ile elde edilmistir.
Orneklem biiyiikliigiiniin 500 oldugu kosullarda, toplam madde sayisinin 20 oldugu durumlarda en yiiksek yanlilik
ortalamas1 A2 ile, madde sayisinin 40 oldugu durumlarda ise A3 ile elde edilmistir. Ayrica, tiim kosullarda en
yiiksek RMSE ortalama degerlerinin parametre a i¢in Al’de, parametre b icin ise A2’de oldugu belirlenmistir.
Bununla birlikte, tiim kosullarda hem parametre a hem de b i¢in en diisiik RMSE ortalama degerleri A3’te
bulunmustur. Bu nedenle, madde parametreleri agisindan yanlilik ve RMSE ortalamalar1 bakimindan en iyi
sonuclarin A3 ile iiretilen veri setlerinde elde edildigi, ChatGPT 3.5 algoritmalarinin ise daha yiiksek yanlilik ve
RMSE ortalamalarina yol actig1 sdylenebilir.

TARTISMA VE SONUC

Bulgular degerlendirildiginde, ChatGPT 3.5 algoritmalarinin genel olarak MTK varsayimlarina uygun veri
iretiminde basarili oldugu soOylenebilir. Kiiciik ve ihmal edilebilir birka¢ istisna disinda, ChatGPT 3.5
algoritmalariyla yerel bagimsizlik ihlali olmayan, tek boyutlu ve 2PLM ile uyumlu veri setleri iiretilmistir. Ancak,
madde parametrelerinin simiilasyon deseninde belirtilen araliklara uygunlugu ile iliskili yanliik ve RMSE
ortalamalar1 agisindan degerlendirildiginde, ChatGPT 3.5 algoritmalarinin, arastirmacilar tarafindan gelistirilen
algoritmaya kiyasla daha fazla sorun yasadigi goriilmektedir.

Tablo 2’deki sonuclara dayanarak, ii¢ algoritma ile iiretilen veri setlerinin tiim kosullarinda, AFA analizinin
simiilasyon deseninde belirtildigi gibi tek boyutlu bir yapiy1 belirledigi goriilmektedir. Paralel analizde ise Al
algoritmasinda toplamda sekiz veri setine denk gelen iki kosul disinda, tiim kosullarda tek boyutlu bir yap1
gozlemlenmistir. Yerel bagimsizlik kontrollerinde, Al’de ii¢ kosul diginda tiim kosullarda varsayimin saglandigi
goriilmektedir. M2 uyum ihlalleri, {i¢ algoritmanin tiimiinde ihlal eden veri setlerinin varligini ortaya koymakla
birlikte, bu ihlaller nispeten azdir ve %0 ile %7 arasinda degismektedir. ChatGPT 3.5 algoritmalarindaki yerel
bagimsizlik ihlalleri ¢esitli nedenlerden kaynaklanabilir. Diisiik kaliteli veya uzman olmayan komutlar, maddeler
arasindaki bagimlilig1 artirabilir. Ayrica, ChatGPT 3.5'in kendi sinirlamalar1 da bu ihlallere katkida bulunabilir. Bu
tir ihlalleri azaltmak i¢in daha gelismis modeller (6rnegin, ChatGPT 4) kullamilabilir. Uzmanlar tarafindan
hazirlanmig ve yonlendirilmis komutlar kullanilarak maddeler arasindaki bagimlilik en aza indirilebilir. Ayrica,
ChatGPT 3.5’in smirlamalar1 dikkate alinarak analizler yapilmali ve gerektiginde insan uzmanligindan
yararlanilmalidir. Genel olarak, 20 madde ve 500 6rneklem ile iiretilen veri setlerinde A1l algoritmasi, 40 madde ve
2000 orneklem ile tiretilen veri setlerinde ise A2 algoritast en iyi 2PL uyumunu saglamigtir ve algoritmalar arasinda
belirgin bir uyum ihlali modeli bulunmamaktadir. Yuvalanmis modellerin 2PL ile uyumu karsilastirildiginda, tim
algoritmalarda veri setlerinin 2PL ile iyi bir uyum gosterdigi tespit edilmistir. Belirtilen araliklarin disinda kalan
madde parametreleri a ve b’nin incelenmesinde, araliklara en yakin sonuglarin A3 ile elde edildigi goriilmiistiir. Al
algoritmasinin istenen araliklar iginde a parametreleri iiretmede yetersiz oldugu, A2’nin ise b parametreleri i¢in
yetersiz oldugu belirlenmistir. Bu parametrelerin yanlilik ve RMSE ortalamalarinin da beklenildigi gibi bu sonucu
destekledigi goriilmistiir.

Sonug olarak, ChatGPT 3.5 algoritmalar1 kullanilarak veri iiretimi genel olarak basarilidir; ancak simiilasyon
deseninin kosullarina en iyi uyum, aragtirmacilar tarafindan gelistirilen algoritma (A3) ile saglanmistir. ChatGPT
3.5 algoritmalarinin destegiyle iretilen veri setlerinin, 6zellikle istenen araliklar i¢inde yanliliktan arindirilmig
parametreler {iretme acisindan, arastirmacilar tarafindan ChatGPT 3.5 destegi olmaksizin iretilen veri setlerine
kiyasla daha az yeterli oldugu goriilmiistiir. Literatiirdeki bulgulara benzer sekilde, bu ¢alisma da ChatGPT nin
MTK varsaymmlarim1 bagarili bir sekilde karsilayabilecegini ortaya koymakta ve yapay zekd ciktilarinin
yonlendirilmesinde insan uzmanliginin vazgegilmez roliinii vurgulamaktadir.

Literatiirdeki bulgulara benzer sekilde, ChatGPT 3.5’in bilgisayar kodu fiiretiminde miikemmel olmadig1 ve
ChatGPT 3.5’in ¢6ziimlerinin insan ¢oziimlerine kiyasla daha diigiik kalitede oldugu belirlenmistir (Adamson &
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Bigerfeldt, 2023; Kundalia, 2023). Ancak ChatGPT 3.5’in birgok probleme dogru ¢éziimler iiretebildigini, fakat
bazi yonlerden yetersiz kaldigimi belirten ¢aligmalar da mevcuttur ve bu durum bu calismayla da paralellik
gostermektedir (Hansson & Ellréus, 2023; Sakib ve ark., 2023; Tian ve ark., 2023). Ayrica, ChatGPT 3.5 destegiyle
iiretilen veri algoritmalarindan birinde (Al) tek boyutluluk ve yerel bagimsizlik varsayimlarmi karsilama
konusunda problemler oldugu tespit edilirken, digerinde (A2) bu sorunlarin gézlemlenmedigi bulunmustur. Bu
durum, iki algoritmanin farkli arastirmacilar tarafindan farkli komutlar kullanilarak gelistirilmis olmasindan
kaynaklaniyor olabilir. Bu ¢alismanin sonucunda, literatiirde belirtilen baz1 ¢aligmalarda oldugu gibi (Surameery &
Shakor, 2023), ChatGPT 3.5’in uzman seviyesine yakin veri iiretebildigi ve iiretilen veri setlerinin dogrulugunun
uzmanlik diizeyiyle dogru orantili olarak arttig1 sdylenebilir. Yapilan diger calismalarda da belirtildigi gibi (Bang
ve ark., 2023), ChatGPT 3.5 ile gelistirilen algoritmalarin basarisi, uzmanlar tarafindan verilen komutlar ve
yonlendirmelerle dogrudan iliskilidir.

Uzmanhik arttikga ChatGPT 3.5’e¢ girilen komutlarin kalitesinin de arttifi ve bu durumun c¢iktryr uzman
dogruluguna daha yakin hale getirdigi ifade edilebilir. Goriildiigii iizere, endigelerin aksine ChatGPT 3.5 uzmanlik
ihtiyacin1 ortadan kaldirmamaktadir; aksine, uzmanlarin isini kolaylastiran bir ara¢ olarak hizmet vermektedir.
Ayrica, ChatGPT’nin her versiyonunun belirli yetenek ve sinirlamalara sahip oldugu dikkate alinmalidir. Bu
caligmada, iicretsiz ve daha fazla kisi tarafindan erisilebilir olan ChatGPT 3.5’in MTK kapsaminda veri {iretimi i¢in
algoritma gelistirme yeterliligi incelenmistir. Calisma kapsaminda gerceklestirilen gecerlik kontrollerinde,
ChatGPT 3.5 algoritmalartyla iiretilen veri setlerinde madde parametrelerinin simiilasyon deseninde belirtilen
araliklar1 karsilama konusunda zayif oldugu ve yerel bagimsizlik ihlallerinin daha sik goriildiigii gdzlemlenmistir.
ChatGPT 4 veya gelecekteki versiyonlarla, bu arastirmada elde edilenlerden ¢ok daha iyi sonuglar elde edilebilir.
Ciinkii kullanilan versiyonun dogasinin, arastirmada elde edilen sonuglarin giivenilirligi ve dogrulugu iizerinde
dogrudan bir etkisi olabilecegi aciktir. Daha yeni versiyonlarin, daha biiyllk bir egitim veri seti {izerinde
egitildikleri i¢in daha dogru sonuglar iiretme egiliminde olabilecegi gbz 6niinde bulundurulmalidir.

Teknolojinin giderek ilerledigi ve 6nemli bir rol oynadig bir diinyada, teknolojiyi yasaklamanin anlamli olmadig1
aciktir (King, 2023). Tiim bu sonuglar dogrultusunda, ChatGPT 3.5’in kullanimin1 kisitlamak yerine, ¢alismalarda
bir destek araci olarak kullanilmasinin daha uygun oldugu goriilmektedir (Biswas, 2023; Deng & Lin, 2022;
Dwivedi ve ark., 2023; Hansson & Ellréus, 2023; Sollie, 2009, Surameery & Shakor, 2023). Bu ¢aligmanin
sonuclari, yapay zekanin insan yeteneklerini gelistirmek i¢in bir destek araci olarak kullanildigi dengeli bir
yaklagimi ortaya koymakta ve onu insanin yerini alacak bir ara¢ olarak degil, insanin ¢aligmalarini destekleyecek
bir arag olarak degerlendirmektedir. Bu entegrasyonun, aragtirmacilarin veri liretimi ve 6n analiz igin yapay zekaya
giivenerek daha yiiksek seviyeli analitik gorevlere odaklanmalarini saglayarak daha verimli arastirma siireglerine
yol agabilecegi ongoriilmektedir. Bu dogrultuda, ChatGPT 3.5’in kullaniminda uzmanligin 6énemini dikkate alarak,
aragtirmacilarin veri iiretiminde ChatGPT 3.5'ten faydalanmalar1 ve veri iiretiminde harcadiklart siireyi kisaltmalari
tavsiye edilmektedir. Arastirmacilar, kalan zamanlarini aragtirmalariin daha yaratici bdliimleri i¢in kullanabilirler
(Hirsh-Pasek & Blinkoff, 2023). Farkli uzmanlarin komutlarina bagli olarak farkli ¢iktilar tiretilmesi durumunun,
uzmanlar arasi farkliliklar dikkate alan ayr bir ¢aligmada incelenmesi onerilmektedir. Ayrica, ChatGPT 3.5’in
genel olarak MTK varsayimlarini karsiladigr ancak madde geri kazanimii tam olarak saglayamadigi gergegini
incelemek icin daha ayrintili ¢aligmalar yapilmasi 6nerilmektedir. Bu baglamda, gelecekteki ¢alismalarda yalnizca
ChatGPT ile smirl kalmayip, ChatGPT 4, BERT ve T5 gibi daha gelismis modelleri de iceren farkli yapay zeka
modellerinin incelenmesi onemlidir. Bu modellerin performanslarini karsilagtirarak en uygun olani belirlemek
miimkiin olacaktir. ChatGPT’nin sagladigi yanitlarin kalitesini artirmak i¢in komut tasarmmini gelistirmek
onemlidir; daha acik ve yonlendirici komutlar uzman rehberliginde hazirlanabilir. Ayrica, modeli daha biiyiik ve
daha cesitli veri setleriyle yeniden egitmek, modelin bilgi tabanini genisletecek ve daha dogru ve giivenilir yanitlar
iiretilmesini saglayacaktir. Yerel bagimsizlik ihlallerini en aza indirmek i¢in, modelin sinirlamalarimi dikkate alarak
oOzel stratejiler gelistirilebilir ve bagimliliklarin etkisi manuel kontroller yoluyla azaltilabilir.
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EK

Ek 1. Komut 1

1- I want to generate 1-0 response data for 2 Parametric Logistic Item Response Model. My test length is 20.
My sample size is 500. My ability parameters have a normal distrubition with mean 0, standard deviation 1.
Item discrimination parameter will have a uniform distrubition and between 1 and 2. My difficulty parameter
(b) will have a uniform distrubition and between -2 and 2.

2- My replication number is 100. | want to save 1-0 responses to an empty list. Can you give me the codes of
this simulation in R language?

3- Ok, but this code does not label the columns

4- Ok. | want to estimate 2PL model parameters. First | want to estimate ability parameters via EAP method.
Then | want to estimate item parameters a and b. Can you give me the codes?

5- R gives error about eap estimation code

6- Ok. One more thing. | have to save all of the simulated ability, difficulty and discrimination parameters.
So the code should give me the opportunity of this.
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7- No, not this. You know we simulated 1-0 response data. We generate ability, difficulty and discrimination
parameters for this purpose. | need these parameters. Because after estimating model parameters I'll estimate
bias and RMSE.

8- can you label the items like 'ltem1’, 'ltem2'".

* 23 Ekim 2023'te ChatGPT 3.5'te olusturuldu

Ek 2. Komut 2

1- Define the parameters that test length is 40, sample size is 2000, mean ability is 0, Sd ability is 1, minimum
discrimination is 1 and maximum discrimination is 2, minimum difficulty is -2 and maximum difficulty is 2 and
replications is 100 for generate 1-0 item response data for 2 Parametric Logistic Item Response Model. Generate
ability parameters, discrimination parameters and item difficulty parameters. Can you give me this simulation
codes in R language.

2- This code will generate ability parameters, discrimination parameters, and item difficulty parameters for each
replication, calculate the probability of a correct response using the 2PL model for each item, simulate binary
responses (0 or 1) based on the probabilities, assign column names to the response matrix, and store the response as
a data frame in the list.

3- create a list named 'item discrimination values' to store discrimination values for each iteration in this list. And
create a list named 'item difficulty values' to store discrimination values for each iteration in this list. And also
create a list named ‘ability values (theta)’ to store discrimination values for each iteration in this list.

4- | want code for added the creation of a list named simulated_parameters_list to store the simulated parameters
(ability, discrimination, and difficulty) for each iteration of the loop.

5- 1 want code which calculates the probability of a correct response using the 2PL model and Simulate binary
responses (0 or 1) based on the probability

6- | want from you to give column names to the response matrix store the response matrix directly in the list
item_responses for each iteration.

* 23 Ekim 2023'te ChatGPT 3.5'te olusturuldu

Ek 3. Algoritma 1 (A1)

library(mirt)
library(eRm)

# Parameters

test_length <- 20

sample_size <- 1000

replications <- 100

mean_ability <- 0

sd_ability <- 1
min_discrimination <- 1
max_discrimination <- 2
min_difficulty <- -2
max_difficulty <- 2
response_list=list()

# Create an empty list to store the simulated parameters for each replication
simulated_parameters_list <- list()
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# Loop through each replication

for (i in L:replications) {
# Simulate ability parameters from a normal distribution
ability <- rnorm(sample_size, mean_ability, sd_ability)

# Simulate discrimination parameters from a uniform distribution
discrimination <- runif(test_length, min_discrimination, max_discrimination)

# Simulate difficulty parameters from a uniform distribution
difficulty <- runif(test_length, min_difficulty, max_difficulty)

# Store the simulated parameters in the list
simulated_parameters_list[[i]] <- list(

ability = ability,

discrimination = discrimination,

difficulty = difficulty
)
# Simulate responses using the 2PL model
prob <- plogis(outer(ability, -difficulty, "*") * discrimination)
responses <- matrix(rbinom(sample_size * test_length, 1, prob), nrow = sample_size)
# Extract the response data for the current replication
response_df <- as.data.frame(responses)
colnames(response_df) <- paste("Item", 1:test_length)

# Store the simulated response data in the list
response_list[[i]] <- response_df

Ek 4. Algoritma 2 (A2)

# Install and load necessary packages
install.packages("rlist")

library(rlist)

library(mirt)

set.seed(123)

# Define the parameters
test_length <- 40
sample_size <- 2000
mean_ability <- 0
sd_ability <- 1
min_discrimination <- 1
max_discrimination <- 2
min_difficulty <- -2
max_difficulty <- 2
replications <- 100

simulated_parameters_list <- list()

# Initialize empty lists to store parameters and ability values
item_discrimination_values <- list()

item_difficulty_values <- list()

theta_values <- list()

item_responses <- list()
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# Generate data for each combination
for (i in L:replications) {
# Generate ability parameters
ability <- rnorm(sample_size, mean = mean_ability, sd = sd_ability)

# Generate discrimination parameters
discrimination <- runif(test_length, min = min_discrimination, max = max_discrimination)

# Generate item difficulty parameters
difficulty <- runif(test_length, min = min_difficulty, max = max_difficulty)

item_discrimination_values[[i]] <- discrimination
item_difficulty_values[[i]] <- difficulty

# Calculate ability values (theta) for each item
theta_values[[i]] <- ability

# Store the simulated parameters in the list

simulated_parameters_list[[i]] <- list(
ability = ability,
discrimination = discrimination,
difficulty = difficulty

)

# Initialize a matrix to store responses for this iteration
responses <- matrix(0, nrow = sample_size, ncol = test_length)

for (j in 1:test_length) {
# Calculate the probability of a correct response using the 2PL model
p_correct <- 1/ (1 + exp(-discrimination[j] * (ability - difficulty[j])))

# Simulate binary responses (0 or 1) based on the probabilities
responses|, j] <- rbinom(sample_size, 1, p_correct)
# Add column names to the response matrix

colnames(responses) <- paste(*'ltem", 1:test_length)

# Store the response matrix for this iteration
item_responses[[i]] <- as.data.frame(responses)

}
Ek 5. Algoritma 3 (A3)

library (mirt)
# Create empty lists to store the simulated parameters and datasets for each replication

a=list()
b=list()
ability=list()

datasets=list()
# Simulate parameters and use them to generate responses for the 2PL model
for (i in 1:100) {
a[[i]] <-as.matrix(round(runif(20, min=1, max=2),2), ncol=1)
b[[i]] <-as.matrix(round(runif(20, min=-2, max=2),2), ncol=1)
ability[[i]] <-as.matrix(round(rnorm(1000, mean=0, sd=1),2), ncol=1)
datasets[[i]] <-simdata(a=a[[i]], d=b[[i]], N=1000, itemtype="dich’, Theta=ability[[i]])
datasets[[i]] <-as.data.frame(datasets[[i]])
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Abstract: The aim of this study is to investigate the effectiveness of ChatGPT 3.5 for
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INTRODUCTION

ChatGPT, an artificial intelligence chatbot based on the Large Language Model (LLM), uses OpenAl's
Generative Pre-trained Transformer 3.5 (GPT-3.5) language model to generate text in response to user input.
The GPT-3.5 model, which is among the most sophisticated language models in the field of natural language
processing (NLP), has been trained with over 175 billion parameters from various internet sources such as
books, articles, web pages, and social conversations (Uc-Cetina et al., 2023). It can respond to question
prompts with a trained dataset that is 570 GB in size (van Dis et al., 2023). Despite the previous use of
artificial intelligence tools that transformed research applications (such as Grammarly, rTutor.ai, Research
Rabbit, etc.) (Else, 2023), ChatGPT stands out from earlier models with its vast volume of raw data,
multitude of parameters used in learning, context-specific architecture, and advanced features like supervised
learning utilized in its development (Floridi, 2023; Susnjak, 2022). Additionally, ChatGPT, different from
the previous avatars of machine learning in its ability to analyze existing data and generate new data, has
become the fastest-growing consumer application in history by reaching 1 million users within the first 5
days after its launch and over 100 million users as of January 2023. It is also one of the most popular LLMs
supporting code generation (Hu, 2023; Aljanabi et al., 2023; Feng et al, 2023, Khoury et al., 2023). ChatGPT
3.5 demonstrates superior performance compared to other Al models due to its natural language
understanding, extensive dataset, versatile usage areas, user-friendly interface, advanced dialogue
capabilities, and continuously updated structure. For these reasons, ChatGPT 3.5 has been chosen for this
study and is considered the most suitable solution for researchers.

For all that, despite its rapid development, ChatGPT, which constructs responses from data traces and does
not rely on logic or reasoning, is probabilistic and stochastic and is limited by the quality of its training set
(Bender et al., 2021; Perrigo, 2023). Moreover, since it lacks the ability to browse the internet, when the data
and algorithms it depends on are flawed or biased, the outputs are likely to be flawed or biased as well (Deng
& Lin, 2022, McGee, 2023, OpenAl, 2023, Ortiz, 2023a, Ortiz, 2023b, Yang, 2022). Being trained only up
to 2021 data, it cannot automatically incorporate real-time information and thus cannot access current
knowledge. Additionally, its use by students for direct answers without in-depth reading and critical analysis
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of the subject matter can suppress critical thinking, problem-solving, and creativity skills necessary in
academic, professional, and real-life contexts (O’Connor, 2023), and may lead to academic misconduct
(Stokel-Walker, 2022). Another criticism concerns the risk of overreliance on ChatGPT, manipulation
through malicious inputs, and the potential for spreading misinformation or propaganda on widely accessible
platforms in terms of security (Deng & Lin, 2022).

In response to these criticisms, the New York City Department of Education has banned the use of ChatGPT
(Hirsh-Pasek & Blinkoff, 2023), and the International Machine Learning Conference (2023) has limited its
use only as part of experimental analysis. Despite all these restrictions, ChatGPT, one of the world's fastest-
growing technologies, clearly has the potential to fundamentally change how we access information, learn,
and even conduct all kinds of work, suggesting that we are on the cusp of a societal transformation. This
shift, due to the possibility that it will endanger a growing number of jobs (Dwivedi et al., 2021) and changes
it will cause in individuals' work systems, often encounters user resistance (Laumer et al., 2016).

Despite these negatives and resistance, considering its benefits, ease of accessibility, and widespread use, it
is predicted that banning it will not be a solution (Rosenzweig-Ziff, 2023; Springer-Nature, 2023). While
acknowledging the potential destructive effects of technology, this destruction is also seen as an opportunity
for scientific advancements that can further advance society. Therefore, instead of trying to neutralize digital
transformation with bans, it seems more logical to focus on controlling its effects in beneficial ways and
integrating them. Given that academia has already started to undergo a digital transition, it appears more
appropriate to focus on the positive aspects of ChatGPT technology and to steer its negative aspects towards
positive outcomes.

ChatGPT has spread to a wide range of uses, and some of its features include searching for information on
various topics, creating stories and reports, writing and correcting computer code, writing and summarizing
articles and chapters (Baidoo-Anu & Ansah, 2023; Else, 2023; Kundalia, 2023; Rudolph et al., 2023; Zhai,
2022), conducting tests, processing and explaining data (Hassani & Silva, 2023). These features can
positively impact individuals' interactions with computers (Montti, 2022) and provide students with
opportunities to enhance their learning, and increase their productivity (Dwivedi et al., 2021). However,
unlike humans, ChatGPT, while able to expand its intelligence without cognitive limits, may not possess as
specialized intelligence as humans due to its training data being limited to narrow fields or disciplines. In this
context, users should not rely on ChatGPT as the final source; instead, they should use it as a tool to discuss
and broaden perspectives. This could lead to better outcomes from artificial intelligence through a new type
of collaboration that offers human-machine hybrid work opportunities, where humans guide ChatGPT based
on their expertise (Mollick, 2022; van Dis et al., 2023). For this, the potential of artificial intelligence in
hybrid teams must first be understood. Considering that ChatGPT can produce biased outputs and cannot
verify the reality of data, it should be used as support, ensuring that it does not replace the researcher's
fundamental tasks such as data analysis, interpretation, and drawing conclusions (Elsevier, 2023).
Considering that ChatGPT generates scientific knowledge from digital traces, it should be noted that it
cannot progress alone without human intervention, especially in complex tasks (Biswas, 2023), and that the
responsibility lies solely with the user. In this context, users should understand the need to ask the right
guestions and evaluate the quality of the responses, realizing that as their expertise increases, so will the
quality of the information obtained from ChatGPT and their ability to interpret its outputs. Additionally,
critically viewing the contributions obtained, validating their accuracy through research from different
sources, or making adjustments based on examinations also fall under user responsibility.

It is believed that using ChatGPT under user responsibility will assist users in quickly accessing information
and performing mundane, repetitive tasks. Consequently, users can focus on higher-level skills, thereby
becoming more productive, and the process itself can become more efficient. Considering that the
contributions of ChatGPT in the field of education are also increasing, and that education has been
redesigned in line with technology for decades (Baidoo-Anu & Ansah, 2023; Huang, 2019), it is crucial to
adapt to this transformation promptly. In this context, it is necessary to demonstrate the potential and
limitations of ChatGPT, which is used in many fields. One of these broad application areas is software and
programming. ChatGPT assists users in understanding and solving technical problems by providing guidance
in complex topics like computer programming, programming languages, algorithms, and data structures.
Offering a wide range of capabilities in these areas, ChatGPT can facilitate the processes of designing,
creating, developing, testing, and maintaining software, including writing, completing, correcting, predicting,
and debugging code. ChatGPT, capable of maintaining logical consistency while answering questions related
to programming challenges, has extraordinary features in code generation (Chen et al., 2023; Dong et al.,
2023; Liu et al., 2023; OpenAl, 2022; OpenAl, 2023). Thanks to these features of ChatGPT, researchers can
improve code quality; save time and effort, thus focusing on more creative work due to reduced cognitive
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load, and enhance productivity (Jaber et al., 2023; Biswas, 2023; Chen et al., 2022). ChatGPT, with such
positive features, is not limited to natural language and can communicate in more than ten programming and
guerying languages, including C++, C#, Java, Python, R, etc. (Feng et al., 2023). When examining research
in this direction, studies related to software (Adamson & Bégerfeldt, 2023; Biswas, 2023; Jaber et al., 2023),
research on ChatGPT's code generation and debugging task, efficiency, and accuracy (Aljanabi, et al., 2023;
Bang et al., 2023; Feng et al., 2023; Hansson & Ellréus, 2023; Kashefi & Mukerji, 2023; Sakib et al., 2023;
Sobania et al., 2023; Surameery & Shakor; 2023, Tian et al., 2023; White et al., 2023) are available;
however, no study examining its effectiveness in data generation has been found.

The rapid advancement of technology is also increasing the number of scientific studies and introducing new
methods in various fields. In examining the effectiveness of these new methods, simulation studies are often
conducted, which frequently involve comparisons with previous methods. At the same time, experimental
studies are needed to demonstrate the functionality of these methods under different conditions, where some
conditions are kept constant while others are varied. To conduct these experimental studies, it is first
necessary to generate data under the mentioned conditions. Data generation in educational sciences is
generally carried out out in accordance with Item Response Theory (IRT). IRT is a statistical modeling
framework used to evaluate individuals' abilities and their performance on tests more accurately. The
importance of IRT lies in its ability to offer personalized measurement, assist in determining the difficulty
levels of test items, conduct detailed item analyses, and enhance the validity and reliability of tests.
Additionally, the frequent use of IRT can be attributed to its comprehensiveness, flexibility, high-resolution
data analysis capabilities, and the benefits it provides in data generation processes. For these reasons, IRT is
a preferred method in educational sciences and psychometric evaluations. IRT focuses on the probability of
an individual's performance on an item based on their ability. IRT models, which can be falsified through
model-data fit, have strong graphical and mathematical aspects (DeMars, 2010). In recent years, the R
programming language, which is among the popular languages, is used in data generation related to IRT. It is
known that the R language is supported by ChatGPT 3.5 (Feng et al., 2023). In this context, this study aims
to determine how effective ChatGPT 3.5 is in writing code for IRT-based data generation using the R
language. This work is expected to make many important contributions to the field of educational
measurement and the application of artificial intelligence in data generation, and to demonstrate the potential
of using ChatGPT 3.5, a state-of-the-art language model, to develop data generation algorithms for Item
Response Theory (IRT). With this innovative approach, it is expected to provide a new perspective on how
artificial intelligence can assist researchers in educational and psychological measurements, as well as its
ability to simulate educational data. In the context of a rapidly evolving technological environment, this
study underlines the importance of integrating artificial intelligence tools such as ChatGPT 3.5 into research
methodologies. To evaluate ChatGPT 3.5's effectiveness in this regard, the datasets produced are analyzed to
see to what extent they meet the conditions specified in the created simulation design and whether the
datasets can indeed be produced as intended. Additionally, the datasets produced with the help of ChatGPT
3.5 algorithms are compared with datasets generated by algorithms developed by researchers. In this context,
in this study, the validity of the datasets produced by ChatGPT 3.5 were comprehensively addressed by
evaluating them according to basic IRT assumptions such as one-dimensionality, local independence and
model-data fit. In this direction, the following research questions have been explored:

For datasets produced according to the Two Parameter Logistic Item Response Theory Model (2PLM) using
ChatGPT 3.5 algorithms;

« Do they meet the unidimensionality, the local independence and the model-data fit assumptions with
the 2PLM?

» How many item parameters fall outside the ranges specified in the simulation design?

» What are the bias and RMSE values of the item parameters?
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METHOD
Research Design

In the study, three different algorithms are used for data generation, and it is investigated to what
extent the datasets developed with these algorithms meet the conditions specified in the simulation pattern.
Two of the algorithms developed in the R language are produced by ChatGPT 3.5 in October 2023, while the
third algorithm is developed by the researchers. Using these developed algorithms, datasets are generated,
followed by validity analyses of the generated datasets. In this aspect, the study is experimental in nature
(Morris et al., 2019).

Simulation Pattern

In this study, the Monte Carlo simulation used in previous simulation studies (Cohen et al., 1996; Li et
al., 2012) is employed to investigate the effects of various altered conditions on ChatGPT 3.5's performance
in data generation validity. The Monte Carlo approach allows for the distribution of parameter estimates to
be obtained, and reduces the chance of deriving unreasonable results from a single data set. In this context,
multiple repetitions (replications) are conducted to resample the true parameters (Harwell et al., 1996). In
this study, the recommended number of repetitions for accurate and reliable parameter estimations (Feinberg
& Rubright, 2016) is considered, and 100 repetitions are conducted for each data set generated according to
the specified simulation conditions. The fixed and altered conditions used in the simulation design are based
on logic commonly employed in simulation studies and references in the literature. The 4.3.2 version of the
R programming language is used in conducting the study. All the experimental conditions used in the study
are presented in Table 1.

Table 1

Simulation Pattern

Conditions Levels Number of Levels
Fixed Conditions IRT Model Unidimensional 2PL 1
Ability (0) -3<6<3 1
Item Discrimination (a) 1<a<2 1
Item Difficulty (b) -2< b2 1
Altered Conditions Item Number (k) 20, 40 2
Sample Size (n) 500, 2000 2
Total Number of Conditions 2x2=4
Number of Repetitions 100
Total Datasets 4x100=400

When examining Table 1, it is observed that different conditions have been considered for the production of
unidimensional data for items scored dichotomously (0-1) within the scope of the study. The MTK model
uses 2PLM due to its ability to separately address item difficulty and discrimination parameters for binary
scored items (DeMars, 2010). The individual ability parameter is typically drawn from a normal distribution
with a mean of 0 and a standard deviation of 1 (Feinberg & Rubright, 2016). This approach is commonly
used in simulation studies to achieve accurate parameter estimates. Item discrimination parameters are
determined from a uniform distribution with a minimum of 1 and a maximum of 2, which is considered more
appropriate for 2PLM estimates according to the literature (Dekker, 2004; Hambleton et al., 1991). Item
difficulty parameters are also determined from a uniform distribution with a minimum of -2 and a maximum
of 2, deemed suitable for 2PLM estimates as per the literature (DeMars, 2010). Monte Carlo studies indicate
that a minimum of 20 items is required for accurate item parameter estimates (De Ayala, 2013).
Consequently, 20 items are selected for short tests and 40 items for long tests. Additionally, sample size is
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known to enhance the accuracy of parameter estimates in simulation studies. Therefore, sample sizes of 500
for small samples and 2000 for large samples are chosen (Stone, 1992).

The first and second algorithms (Al and A2) are developed by ChatGPT 3.5 through prompts for data
generation. Different prompts are used to request ChatGPT 3.5 to produce new algorithms; however, when it
is determined that the generated algorithms do not differ from Al and A2, the algorithm development
process with ChatGPT 3.5 is terminated. The prompts used for A1 and A2 are given in Appendix 1 and 2.
The third algorithm (A3) used for data generation is developed by researchers using the 'mirt' package
(Chalmers, 2012) in the R language. The codes for the three developed algorithms are located in Appendices
3, 4, and 5. During the data generation phase, the developed algorithms are run in the R environment, and
datasets with 100 repetitions are produced considering the conditions in the simulation pattern. As a result, a
total of 2x2x100=400 different datasets are produced, comprising 2 different test lengths (20, 40), 2 different
sample sizes (500, 2000), and 100 repetitions.

Data Analysis

Within the scope of the research, datasets generated sequentially with Al, A2, and A3 are expected
to meet the assumptions (unidimensionality, local independence, model-data fit) specific to the
unidimensional 2PLM, as they are generated according to this model. Otherwise, the generated data will not
conform to the intended data production scenario, and consequently, the results obtained will be erroneous.
Furthermore, the parameters estimated in the generated datasets must meet the conditions specified in the
simulation pattern to demonstrate the accuracy of the data generations. Therefore, the first step is to check
whether the produced datasets comply with the IRT assumptions and whether the parameters meet the
conditions specified in the simulation pattern, and for this purpose, the following examinations are
conducted.

Unidimensionality Examination of Datasets

To examine the unidimensionality assumption, Exploratory Factor Analysis (EFA) is conducted using the
'‘psych’ (Revelle, 2020) and 'sirt' (Robitzsch, 2019) packages available in the R programming language. In
this context, 'tetrachoric correlation matrices' suitable for dichotomously scored (1-0) datasets are created
for all datasets. Within the scope of EFA assumptions, the results of the Kaiser-Meyer-Olkin (KMO) and
Bartlett tests are examined. For both A3 and the datasets produced with the help of ChatGPT 3.5 (Al and
AZ2) algorithms, it is found that the KMO test results are greater than 0.87 and the Bartlett tests are significant
(p<.05) for each condition. After meeting the assumption of unidimensionality, the number of factors is
determined using Horn 's 'Parallel Analysis' method (Horn, 1965). The ‘fa.parallel’ function from the 'psych’
package is utilized for the factor extraction process; eigenvalues for the factors and scree plot graphs are
examined. In deciding on the number of factors, factor loadings, explained variance ratios, and scree plots
are taken into account.

Local Independence Examination of Datasets

The Item Response Theory (IRT) local independence assumption, which states that item responses
should be independent of each other when individuals' abilities are controlled for (DeMars, 2010), has been
checked using Yen's Q3 test (Yen, 1984). To verify the local independence assumption, the 'Yen.Q3' function
from the 'subscore’ package (Dai et al., 2022) in the R language is utilized. The condition set by (Yen, 1984)
for local independence issues, where correlations between residuals for problematic items exceeding 0.20, is
taken as the criterion for identifying violations.

Model-Data Fit Examination of Datasets

In checking the compatibility of the generated datasets with the 2PLM, the significance levels of the
M2 statistic are examined. If the M2 statistic, constructed using the residuals between observed and expected
marginal probabilities, is not significant, it is assumed that the data set is consistent with the model (Maydeu-
Olivares & Joe, 2006). The '‘M2' function from the 'mirt' package (Chalmers, 2012) in the R programming
language is used to check the significance of the M2 statistic. Additionally, in assessing model-data fit, the
nested IRT models' (1PL, 2PL, 3PL) '-2 log-likelihood' values and significances was taken into account
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(Thissen & Steinberg, 1986). The ‘anova’ function in the R programming language is utilized for comparing
the models.

How Many Item Parameters Fall Within the Specified Ranges

It is determined how many of the item discrimination (a) and item difficulty (b) parameters in the
generated datasets meet the conditions specified in the simulation pattern. In this context, the researchers
create counters in the R programming language to identify the number of parameters that fall outside the
specified ranges. Considering the altered item numbers and number of repetitions in the research, it is
established how many item difficulty and item discrimination parameters fall outside the specified ranges,
with 20 items for 20x100=2000 and 40 items for 40x100=4000.

Bias and Error (RMSE) Values of Item Parameters

In assessing the bias and error (RMSE) values of the item parameters for datasets generated
considering the conditions specified in the simulation pattern, the formulas located in Equations 1 and 2 are
used.

KL(Xi_Xx;
—“1(K ) M

K . ' 2
RMSE = /W (2)

In Equations 1 and 2, X;represents the parameter for item i(i=1,2,..,K) , X; denotes the actual
parameter estimate, and K indicates the number of items. Bias and RMSE values are calculated for each
condition in the datasets with 100 repetitions, and then their averages are taken.

Bias =

RESULTS

This section presents the findings obtained within the scope of the research. In the study, data
generation for the 2PLM is carried out using three different algorithms (Al, A2, and A3) based on the
conditions specified in the simulation pattern. Examinations are conducted to determine the extent to which
the generated datasets meet the specified simulation conditions. The results of these examinations are shown
in Table 2.

Table 2. Results of the Analyses on the Datasets

Condition
Number of Items
Sample Size
Number of Factors
(Number of
Fagigrs
Independence
M2 Fit Violation
Nested Model Fit
Out of Range
Parameter a

Out of Range
Parameter b
Average Bais a
Average Bais b

S
©| Average RMSE a
=
~
1| Average RMSE b

[E

Al

N
o

500 1

~

1

w

0 2PL 1549 0 - -
(%0)* (BTT)**  (%0)*** 1.201 0.093

N

- ~
e
-

~|x | Parallel Analysis

N

A2 20 500 1 - 5 2PL 241 632 0.21 1.936

(%5) (%12)  (%32)  0.012 0.206

3 A3 20 500 1 1 - 4 2PL 222 86 0.04 0.189 0.137
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(%4) 11)  (%4) 0.018
4 Al 20 2000 1 1 (4 2 4 2PL 1580 0 - 2091 1.037
X 2) (%4) (%79)  (%0) 1.227 0.397
5 A2 20 2000 1 1 -4 2PL 78 661 0 - 0.103  2.042
(%4) (%3) (%33) 0.407
6 A3 20 2000 1 1 - 4 2PL 84 45 - 0.093 0.057
(%4) (%4) (%2) 0.007 0.288
7 AL 40 500 1 1 9 4 2PL 3129 0 - - 2142 1.215
(%4) (%78)  (%0) 1.297 0.013
8 A2 40 500 1 1 -4 2PL 495 1280 - 0.198  2.093
(%4) (%12)  (%32)  0.019 0.073
9 A3 40 500 1 1 -7 2PL 427 173 0.183  0.159
(%7) 11)  (%4) 0013 0.012
10 Al 40 2000 1 1 -6 2PL 3181 0 - 216  1.155
(%6) (%79)  (%0) 1271 0.421
11 A2 40 2000 1 1 -2 2PL 135 1248 - 0095 2.133
(%2) (%3) (%31)  0.003 0.186
12 A3 40 2000 1 1 -7 2PL 144 79 009  0.077
(%7) (%4) (%2) 0.002 0.086

*Percentage of fit violation ** Percentage of a parameter outside the range *** Percentage of a parameter outside the range

As can be seen in Table 2, it is found that in all conditions where the number of items is 20, the EFA analysis
indicates the presence of a dominant single dimension in the datasets with 100 repetitions. In the parallel
analysis, only in A1, two conditions (20 items with 500 samples, 20 items with 2000 samples) reveal a two-
factor structure for 4 datasets. In all conditions where the number of items is 40, both EFA and Parallel
Analysis results support a single-factor structure. Consequently, it can be said that the datasets generated
with ChatGPT 3.5 algorithms are unidimensional as expected, with a few negligible exceptions.

Upon examining Table 2, it is observed that violations of the local independence assumption are seen only in some
cases with the ChatGPT 3.5 Al algorithm. In this algorithm, violations of local independence in item pairs are
identified in 13 out of 100 datasets for 20 items with 500 samples, in 2 datasets for 20 items with 2000 samples,
and in 9 datasets for 40 items with 500 samples. At this point, considering the absence of datasets with local
independence violations, it can be said that the ChatGPT 3.5 A2 algorithm and A3 are more successful.

It is observed that, according to the significance checks of the M2 statistic, the proportion of datasets that do not
meet the model-data fit varies between 0% and 7% for all algorithms upon examining Table 2. In conditions with
20 items and a sample size of 500, the best model-data fit is achieved with A1, with no fit violation observed (0%).
When the total number of items is 40 and the sample size is 2000, it is determined that the least model-data fit
violation (2%) is with A2, while the most violations (7%) occur with A3. Additionally, considering the nested
model fit, it is determined that in all conditions, the datasets are better fitted with the 2PL model. Generally, it can
be said that ChatGPT 3.5 algorithms (Al and A2) are at least as successful as the researcher-developed A3 in terms
of the compatibility of the datasets with the 2PL model.

Furthermore, it is evident that the data generation for the parameter a, fitting the ranges specified in the simulation
pattern, is successfully conducted with ChatGPT 3.5 A2 and the researcher-developed A3 across all conditions.
ChatGPT 3.5 Al, however, appears quite weak in generating data within the specified ranges for the parameter a,
with a majority of the produced a parameters (77%-79%) falling outside the determined ranges. In all conditions
with a sample size of 500, A3 shows the least percentage of data generation outside the specified ranges for the
parameter a, while in conditions with a sample size of 2000, A2 has the least percentage of deviation. For the
parameter b, the best data generation within the specified ranges is achieved with Al, followed closely by A3. A2,
however, is weak in generating data within the specified ranges for parameter b, with a portion of the b parameters
(31%-33%) falling outside the specified ranges. In conclusion, although successful in meeting the IRT
assumptions, it can be said that the item parameter estimations in the datasets generated with ChatGPT 3.5
algorithms have more difficulties in meeting the conditions specified in the simulation pattern compared to A3.

As for bias average, it is observed that for the parameter a across all conditions, the lowest bias average is found in
Al, while A2 and A3 produce similar values. In the condition with a total item count of 20 and a sample size of
500, the lowest bias average for parameter b is in A1, while in all other conditions, it is in A2. In conditions with a
sample size of 2000, the highest bias average is obtained with Al. For conditions with a sample size of 500, the
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highest bias average for a total item count of 20 is with A2, and for 40, it is with A3. Additionally, the highest
RMSE average values across all conditions are determined to be for parameter a in Al and for parameter b in A2.
Furthermore, across all conditions, the lowest RMSE average values for both parameters a and b are found in A3.
Therefore, it can be said that the best results in terms of bias and RMSE averages for item parameters are obtained
in datasets produced with A3, while ChatGPT 3.5 algorithms lead to higher bias and RMSE averages.

DISCUSSION AND CONCLUSION

When the findings are evaluated, it can be stated that ChatGPT 3.5 algorithms are generally successful in
generating data that conforms to IRT assumptions. Excluding a few negligible exceptions, unidimensional
datasets with no local independence violations and compatible with the 2PLM are generated using ChatGPT 3.5
algorithms. However, when evaluating in terms of the compliance of item parameters with the ranges specified in
the simulation pattern and the associated bias and RMSE averages, it appears that ChatGPT 3.5 algorithms have
more issues compared to the algorithm developed by researchers.

Based on the results in Table 2, it is found that in all conditions, EFA analysis of the datasets generated with the
three algorithms determines a unidimensional structure, as specified in the simulation pattern. In the parallel
analysis, except for two conditions in Al, which account for a total of eight datasets, a unidimensional structure is
observed in all conditions. The local independence checks show that the assumption is met in all conditions
except for three in Al. M2 fit violations in all three algorithms reveal the presence of violating datasets, but these
violations are relatively few, varying between 0% and 7%. Local independence violations in ChatGPT 3.5
algorithms can stem from various reasons. Suboptimal prompt design may increase dependency between items.
The limitations of ChatGPT 3.5 itself may also contribute to these violations. To reduce such violations, more
advanced models (e.g., ChatGPT 4) can be employed. Using prompts prepared and guided by experts can help
minimize dependency between items. Additionally, analyses should be conducted considering the limitations of
ChatGPT 3.5, and human expertise should be sought when necessary. Generally, the datasets that best fit the 2PL
are those produced with Al for 20 items with 500 samples, and those produced with A2 for 40 items with 2000
samples, with no clear pattern of fit violations among the algorithms. When nested models are compared for fit
with 2PL, datasets in all algorithms are found to align well with 2PL. In the examination of item parameters a and
b falling outside the specified ranges, it is seen that the closest results to the specified ranges are obtained with
A3. The Al algorithm is found to be inadequate in producing a parameters within the desired ranges, and A2 is
inadequate for b parameters.

The bias and RMSE averages for these parameters are found to support this result as expected.

In conclusion, data generation using ChatGPT 3.5 algorithms is generally successful, but the best compliance
with the conditions of the simulation pattern is achieved with the algorithm developed by researchers (A3).
Datasets generated with the support of ChatGPT 3.5 algorithms are found to be less adequate than those generated
by researchers without ChatGPT 3.5 support, especially in terms of generating unbiased parameters facilitate the
expert's work within the desired ranges. Similar to literature findings, the findings reveal that ChatGPT can
successfully comply with IRT assumptions and underline the indispensable role of human expertise in driving Al
outcomes.

Similar to literature findings, ChatGPT 3.5 was found to be not perfect at generating computer code and ChatGPT
3.5’s solutions were found to be of lower quality than human solutions (Adamson & Bagerfeldt, 2023; Kundalia,
2023). However, there are also studies stating that ChatGPT 3.5 can produce correct solutions to many problems
but falls short in some aspects, similar to this study (Hansson & Ellréus, 2023; Sakib et al., 2023; Tian et al.,
2023). Additionally, it is found that there are problems in meeting unidimensionality and local independence
assumptions in one of the data algorithms produced with the support of ChatGPT 3.5 (A1), while these problems
are not observed in the other (A2). This may be attributed to the fact that the two algorithms are developed by
different researchers using different prompts. As a result of this study, it can be said that ChatGPT 3.5 can
produce data close to an expert level, as stated in some studies in the literature (Surameery & Shakor, 2023) and
the accuracy of the generated data set will increase in line with the expertise. As mentioned in the studies (Bang et
al., 2023), the success of algorithms developed with ChatGPT 3.5 is influenced by the prompts and guidance
provided by experts. It can be stated that as expertise increases, the quality of prompts entered into ChatGPT 3.5
also increases, thus bringing the output closer to expert accuracy. As seen, contrary to fears, ChatGPT 3.5 does
not eliminate the need for expertise; rather, it serves as a tool to facilitate the expert's work. In addition, it should
be taken into consideration that ChatGPT has certain capabilities and limitations in each version. In this study, the
adequacy of ChatGPT 3.5, which is free of charge and accessible to more people, in developing algorithms for
data generation within the scope of IRT was examined. In the validity checks carried out within the scope of the
study, it was observed that in the datasets produced with ChatGPT 3.5 algorithms, the item parameters were weak

910



Hatice Giirdil, Yesim Beril Soguksu, Salih Salihoglu, Fatma Coskun

in meeting the ranges specified in the simulation pattern and local independence violations were more common.
ChatGPT 4 version or in the future versions, much better results can be obtained than those obtained in the
research. Because it is possible that the nature of the version used may have a direct impact on the reliability and
accuracy of the results obtained in the research. It should be taken into account that more recent versions may
tend to produce more accurate results as they are trained on a larger training data set.

In a world where technology is increasingly advancing and playing a major role, banning technology is clearly
not meaningful (King, 2023). In line with all these results, it seems more appropriate to use ChatGPT 3.5 as a
support tool in research, as suggested in the studies (Biswas, 2023; Deng & Lin, 2022, Dwivedi et al., 2023;
Hansson & Ellréus, 2023; Sollie, 2009, Surameery & Shakor, 2023), rather than restricting its use. The results of
this study reveal a balanced approach in which artificial intelligence is used as a supporting tool to enhance
human capabilities rather than replace them. It is envisioned that this integration could lead to more efficient
research processes, allowing researchers to focus on higher-level analytical tasks while relying on Al for data
generation and preliminary analysis. In this direction, considering the importance of expertise in the use of
ChatGPT 3.5, it is advisable for researchers to benefit from ChatGPT 3.5 in data generation and shorten the time
they spend on data generation. Researchers can use the remaining time for more creative parts of their research, as
suggested in the studies (Hirsh-Pasek & Blinkoff, 2023). The situation of different outputs being produced
depending on the commands of different experts can be examined in a different study that takes into account
inter-expert variations. Additionally, it is recommended to conduct further in-depth studies to examine the fact
that ChatGPT 3.5 generally meets IRT assumptions but does not fully achieve item recovery. In this context, it is
important to explore different Al models for future studies; not limited to ChatGPT alone, but also including
advanced models such as ChatGPT 4, BERT, and T5. By comparing the performances of these models, the most
suitable one can be identified. Improving prompt design is crucial to enhance the quality of responses provided by
ChatGPT; clearer and more directive prompts can be prepared under expert guidance. Additionally, re-training
the model using larger and more diverse datasets can expand the model's knowledge base, resulting in more
accurate and reliable responses. To minimize local independence violations, special strategies can be developed
considering the model's limitations, and the impact of dependencies can be reduced through manual checks.
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APPENDIX

Appendix 1. Prompt 1

1- I want to generate 1-0 response data for 2 Parametric Logistic Item Response Model. My test length is 20.
My sample size is 500. My ability parameters have a normal distrubition with mean 0, standard deviation 1.
Item discrimination parameter will have a uniform distrubition and between 1 and 2. My difficulty parameter
(b) will have a uniform distrubition and between -2 and 2.

2- My replication number is 100. | want to save 1-0 responses to an empty list. Can you give me the codes of
this simulation in R language?

3- Ok, but this code does not label the columns

4- Ok. I want to estimate 2PL model parameters. First | want to estimate ability parameters via EAP method.
Then | want to estimate item parameters a and b. Can you give me the codes?

5- R gives error about eap estimation code

6- Ok. One more thing. | have to save all of the simulated ability, difficulty and discrimination parameters. So
the code should give me the opportunity of this.

7- No, not this. You know we simulated 1-0 response data. We generate ability, difficulty and discrimination

parameters for this purpose. | need these parameters. Because after estimating model parameters I'll estimate
bias and RMSE.
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8- can you label the items like 'ltem1’, 'ltem2".
* Created on October 23, 2023 in ChatGPT 3.5
Appendix 2. Prompt 2

1- Define the parameters that test length is 40, sample size is 2000, mean ability is 0, Sd ability is 1, minimum
discrimination is 1 and maximum discrimination is 2, minimum difficulty is -2 and maximum difficulty is 2
and replications is 100 for generate 1-0 item response data for 2 Parametric Logistic Item Response Model.
Generate ability parameters, discrimination parameters and item difficulty parameters. Can you give me this
simulation codes in R language.

2- This code will generate ability parameters, discrimination parameters, and item difficulty parameters for
each replication, calculate the probability of a correct response using the 2PL model for each item, simulate
binary responses (0 or 1) based on the probabilities, assign column names to the response matrix, and store the
response as a data frame in the list.

3- create a list named ‘item discrimination values' to store discrimination values for each iteration in this list.
And create a list named 'item difficulty values' to store discrimination values for each iteration in this list. And
also create a list named ‘ability values (theta)’ to store discrimination values for each iteration in this list

4- | want code for added the creation of a list named simulated_parameters_list to store the simulated
parameters (ability, discrimination, and difficulty) for each iteration of the loop.

5- 1 want code which calculates the probability of a correct response using the 2PL model and Simulate binary
responses (0 or 1) based on the probability

6- | want from you to give column names to the response matrix store the response matrix directly in the list
item_responses for each iteration.

* Created on October 23, 2023 in ChatGPT 3.5

Appendix 3. Algorithm 1 (A1)

library(mirt)
library(eRm)

# Parameters

test_length <- 20

sample_size <- 1000

replications <- 100

mean_ability <- 0

sd_ability <- 1
min_discrimination <- 1
max_discrimination <- 2
min_difficulty <- -2
max_difficulty <- 2
response_list=list()

# Create an empty list to store the simulated parameters for each replication
simulated_parameters_list <- list()

# Loop through each replication

for (i in L:replications) {
# Simulate ability parameters from a normal distribution
ability <- rnorm(sample_size, mean_ability, sd_ability)
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# Simulate discrimination parameters from a uniform distribution
discrimination <- runif(test_length, min_discrimination, max_discrimination)

# Simulate difficulty parameters from a uniform distribution
difficulty <- runif(test_length, min_difficulty, max_difficulty)

# Store the simulated parameters in the list
simulated_parameters_list[[i]] <- list(

ability = ability,

discrimination = discrimination,

difficulty = difficulty
)
# Simulate responses using the 2PL model
prob <- plogis(outer(ability, -difficulty, "*") * discrimination)
responses <- matrix(rbinom(sample_size * test_length, 1, prob), nrow = sample_size)
# Extract the response data for the current replication
response_df <- as.data.frame(responses)
colnames(response_df) <- paste("Item", 1:test_length)

# Store the simulated response data in the list
response_list[[i]] <- response_df

Appendix 4. Algorithm 2 (A2)

# Install and load necessary packages
install.packages("rlist")

library(rlist)

library(mirt)

set.seed(123)

# Define the parameters
test_length <- 40
sample_size <- 2000
mean_ability <- 0
sd_ability <- 1
min_discrimination <- 1
max_discrimination <- 2
min_difficulty <- -2
max_difficulty <- 2
replications <- 100

simulated_parameters_list <- list()

# Initialize empty lists to store parameters and ability values
item_discrimination_values <- list()

item_difficulty_values <- list()

theta_values <- list()

item_responses <- list()

# Generate data for each combination
for (i in L:replications) {
# Generate ability parameters
ability <- rnorm(sample_size, mean = mean_ability, sd = sd_ability)
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# Generate discrimination parameters
discrimination <- runif(test_length, min = min_discrimination, max = max_discrimination)

# Generate item difficulty parameters
difficulty <- runif(test_length, min = min_difficulty, max = max_difficulty)

item_discrimination_values[[i]] <- discrimination
item_difficulty_values[[i]] <- difficulty

# Calculate ability values (theta) for each item
theta_values[[i]] <- ability

# Store the simulated parameters in the list

simulated_parameters_list[[i]] <- list(
ability = ability,
discrimination = discrimination,
difficulty = difficulty

)

# Initialize a matrix to store responses for this iteration
responses <- matrix(0, nrow = sample_size, ncol = test_length)

for (j in 1:test_length) {
# Calculate the probability of a correct response using the 2PL model
p_correct <- 1/ (1 + exp(-discrimination[j] * (ability - difficulty[j])))

# Simulate binary responses (0 or 1) based on the probabilities
responses|, j] <- rbinom(sample_size, 1, p_correct)

# Add column names to the response matrix
colnames(responses) <- paste('ltem", 1:test_length)

# Store the response matrix for this iteration
item_responses[[i]] <- as.data.frame(responses)

Appendix 5. Algorithm 3 (A3)

library (mirt)
# Create empty lists to store the simulated parameters and datasets for each replication
a=list()
b=list()
ability=list()
datasets=list()
# Simulate parameters and use them to generate responses for the 2PL model
for (i in 1:100) {
a[[i]] <-as.matrix(round(runif(20, min=1, max=2),2), ncol=1)
b[[i]] <-as.matrix(round(runif(20, min=-2, max=2),2), ncol=1)
ability[[i]] <-as.matrix(round(rnorm(1000, mean=0, sd=1),2), ncol=1)
datasets[[i]] <-simdata(a=a][[i]], d=b[[i]], N=1000, itemtype="dich’, Theta=ability[[i]])
datasets[[i]] <-as.data.frame(datasets[[i]])

918



	1509299 TR güncel
	1509299 ENG



