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GIRIS

BuyUk nitel verilerin dogasinda bulunan ayrintili bilgileri verimli bir sekilde kullanabilen potansiyel
olarak umut verici veri analizi ydontemlerinden biri metin madenciligi yaklagimidir. Metin madenciligi, daha
once bilinmeyen ve ortaya cikarilmasi kolay olmayan metin verilerinden bilgi iiretme islemi olarak
tanimlanmaktadir (Buenano-Fernandez vd., 2020). Metin madencilii, metinsel verilerden Oriintiiler,
korelasyonlar ve i¢goriiler ortaya ¢ikarmaya yaramaktadir.

Teknolojinin, veri toplama siirecini hizlandirmasina ve daha biiyiik drneklem boyutlarindan ¢ok boyutlu
bilgi toplanmasina olanak tanimasina ragmen, biiyiik metin verilerini kullanan ve analiz eden ¢aligmalarin
eksikligi dikkat cekmektedir. Bu eksikliginin nedenlerinden biri, el ile nitel kodlamanin pahali, zahmetli ve
zaman alic1 olmasidir (Feinerer & Wild, 2007). Bunun yaninda mevcut nitel veri analizi araglarmin (0r.,
NVivo, MaxqDa) arastirmacilarin biiyiik 6rneklemlerin metin verilerini kolayca kodlamasina olanak taniyacak
yeterli donanima sahip olmamasi da bir diger eksiklik olarak gosterilebilir (Longo, 2020). Ayrica, biiyiik metin

verilerini analiz ederken her bir yorumu incelemek olduk¢a zorlayici olmaya devam etmektedir (Balahadia
vd., 2016).

Son zamanlarda, bu sorunlar1 asmaya yardimci olacak ve nitel veri analizi i¢in gereken zaman ve iggiicii
talebini en aza indirecek sekilde, aragtirmacilarin bulgularinda biiyiik 6l¢ekli yazili metin verilerini uygun
maliyetli bir sekilde kullanmalarina olanak taniyan makine 6grenmesine dayali metin analitik teknikleri ortaya
¢ikmistir. Bu yontem, el ile kodlama kullanilarak analiz edilmesi miimkiin olmayan biiyiik veri kiimeleri ile
basa ¢tkmanin bir yolu olarak gelistirilmistir (Hopkins & King, 2010). Bu yéntemlerden biri konu modelleme
analizidir.

Konu modelleme, metin belgesinin temel anlamsal yapisinin belirlenmesine yonelik bir metin
madenciligi aragtirma alanidir. Konu modelleme, biiyiik dl¢ekli belgelerin olusturdugu yapilandiriimanus veri
yapilarindan anlaml bilgiler ¢ikarmaya yarayan denetimsiz makine 6grenme algoritmalarinin bir ¢ergevesidir
(Kandula vd. 2011). Denetimli ve denetimsiz 6grenme yontemleri makine Ogrenmesindeki iki genel
yaklagimdir. Denetimsiz algoritmalar dnceden herhangi bir bilgi saglanmadan, verilerin kesfedilmesi yoluyla
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kaliplar1 veya konulari belirleyebilir. Denetimsiz algoritmalar tematik analize benzer sekilde verilerden ortaya
c¢ikan kelime kiimelerini ve konular belirler, ancak ortaya ¢ikan konularin yorumlanmasina yardime1 olmak
icin insan goriisii hala 6nemlidir. Konu modellemesi, tematik analizin (yani insan i¢gorisu) ve makine
Ogreniminin (yani bliyiik miktarda metnin hizli analizi) avantajlarindan yararlanmaktadir (Roberts vd., 2014).

Konu modelleme yontemleri kullanilarak, biiyiik miktarda, yapisal olmayan metin belgesi, otomatik
olarak aranabilmekte, organize edilebilmekte ve dzetlenebilmektedir. Konu modellemesi, belgeleri konu adi
verilen ¢esitli boyutlara indirgemesi bakimindan faktor analizine benzemektedir. Konu modellemesinin farkl
yontemleri bulunmaktadir. Bunlardan biri olan yapisal konu modellemesi konu modellemesinde ortak
degiskenlerin veya niteliklerin (6rnegin, aragtirmanin yapildigi yil, bolge, yazarin cinsiyeti, calisma baglami
vb.) dahil edilmesine izin vererek, bu ortak degiskenlerin belgedeki belirli konularin etkileyip etkilemedigini
anlamak i¢in bir regresyon cergevesi kullanmaktadir (Roberts vd., 2014). Bu anlamda yapisal konu
modellemesi, metnin ortak degiskenlere baglh olarak nasil degistigini hesaba katarak metinden elde edilen
anlama daha fazla derinlik katmaktadir. Konu modellemesi ve yapisal konu modellemesinin geleneksel nitel
metin analizine gore diisiik yayginliktaki konular1 yakalayamama gibi sinirliklar1 bulunmaktadir (Baumer vd.,
2017). Bu makalenin odagimi veri madenciligi yontemlerinden biri olan konu modellemesi analizi
olusturmaktadir. Bu dogrultuda konu modellemesi yontemlerinden biri olan Gizil Dirichlet Tahsisi 6rnek
olarak verilebilir.

Gizil Dirichlet Tahsisi

Konu modellemenin amaci, bir konuyu tanimlamak i¢in sik¢a birlikte gegen kelimeleri bir araya
getirerek yazili bir metindeki bir olgunun daha iyi anlasilmasmi saglamaktir. Konu modellemesinin ¢esitli
varyantlart mevcut olsa da orijinal konu modellerinden biri olan Gizil Dirichlet Tahsisi (GDT, Latent Dirichlet
Allocation — LDA) ilk olarak Blei ve arkadaslar1 tarafindan 2003 yilinda literatiire tanmitilmistir (Blei vd., 2003).
Blei (2012) konu modellemesini orijinal metinlerdeki kelimeleri analiz ederek metinlerdeki temalari, bu
temalarin birbirleriyle nasil baglantili olduklarin1 ve zaman i¢inde nasil degistiklerini kesfeden istatistiksel
yontemler olarak tanimlamaktadir.

GDT ile modellenecek olan belgeler kiimesi kiilliyat (corpus), kiilliyat igindeki her bir 6ge belge
(document) olarak adlandirilmaktadir. GDT yonteminde her belge i¢in konu dagilimi ve her konu icin de
kelime dagilimi s6z konusudur. Tamamen denetimsiz bir algoritma olan GDT herhangi bir 6n bilgiye gerek
kalmadan, kelimelerin belge igerisindeki bulundugu yeri dikkate almadan kelimelerin birlikte bulunmasini
inceleyen kelime torbasi (bag of words) yaklasimina dayali olarak ¢alismaktadir (Blei, 2012).

GDT bir konuya ait kelimelerin ayni belgede goriilme olasiliginin daha yiiksek oldugu fikrine dayanan,
bir dizi belgede gdmiilii bulunan gizil konularin belirlenmesinde kullanilan istatistiksel bir yontemdir (Wang
vd., 2018). Bir belgenin konusu dogal olarak o belgede gecen kelimelere iligkilidir. Belgede gecen kelimeler
gizil olarak dokiimanin ana konu ya da konularini temsil eder. Bu kelimeler iligkili olduklar1 konularin sézciik
grubunu olusturacaktir. Ornegin, psikoloji ile ilgili bir konuda duygular, bilisler, davranislar gibi kelimeler
ortaya ¢ikarken, 6lgme ve degerlendirme ile ilgili bir konuda 6l¢ek, degerlendirme ve gelistirme gibi kelimeler
bulunabilecektir. Her iki konuda da 6lgek gibi ortak bir kelime de olabilir. Belgeler kiimesi (kulliyat) ne kadar
biiyiik olursa hangi kelimelerin hangi konu grubuna dahil oldugunu belirlemek o kadar zorlagsmaktadir.

Modelin iki temel ilkesini basit¢e ele alalim. Birinci ilke her belgenin konularin bir karigimi oldugu,
ikinci ilke ise her konunun kelimelerin bir karisimi oldugudur. Her belge belirli oranlarda ¢esitli konulardan
kelimeler igerebilmektedir. Ornegin, bir sosyal medya platformunda yer alan ruh saghgi ve ekonomi baslikli
paylasimlar inceleyen iki konu modelini ele alalim. Belge 1 %90 ruh sagligi konusunu ve %10 ekonomi
konusunu, Belge 2 ise %30 ruh sagligi konusunu ve %70 ekonomi konusunu igermekte olsun. Ruh sagligi
basliginda psikoloji, terapi ve depresyon gibi kelimeler en yaygin olabilirken, ekonomi bagligi biitce, enflasyon
ve zam gibi kelimelerden olusabilir. Daha da 6nemlisi, kelimeler konular arasinda paylasilabilir; biitce gibi bir
kelime her ikisinde de esit olarak goriilebilir.

GDT algoritmasi birkag¢ kelimeden (N) olusan her belgenin (D), gizil konularda bir Dirichlet olasilik
dagilimini temsil edebilecegini varsayar. GDT iiretim siirecinde belgedeki kelimeleri farkli konulara tahsis
etmek i¢in kullandig1 Dirichlet dagilimin ad1 ile anilir (Blei, 2012). GDT algoritmasinda konular kelimelerin
ve belgeler de konularin bir karisimini olusturur, model bu bakimdan ii¢ katmanl hiyerarsik yapiya sahiptir.
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GDT, bir konunun bir belgede olma olasiligin1 hesaplayarak biitiin kiilliyat izerindeki konularin saptanmasini
saglamaktadir.

GDT, belgeleri Sekil 1’de gosterildigi gibi belge-kelime matrisine doniistiiriir. Sekil I’de D1, D2, D3,
D4, D5 belgeleri, K1, K2, K3, K4, K5 konular1t ve W1, W2, W3, W4, W5, W6, W7, W8 kelimeleri
gostermektedir. Belge-kelime matrisi bir kiilliyat iginde ortaya ¢ikan kelimelerin sikligini tanimlayan
istatistiksel bir gdsterimdir. Bu matris belgelerdeki olas1 konular1 igeren belge-konu matrisi, olasi konularin
icerdigi kelimeleri i¢eren konu-kelime matrisi olmak iizere iki alt matrise ayrilir. Bu matrisler zaten konu-
kelime ve belge-konu dagilimlarini saglamaktadir. Ancak, GDT algoritmasinin temel amaci bu verilerin
dagilimint iyilestirmektir. GDT, bu matrisleri iyilestirmek i¢in ornekleme tekniklerini kullanir. Veriler
matrislere dayali olarak temsil edildikten sonra kelimeler vektorlere doniistiiriiliir (Blei, 2012).

Sekil 1

Belge-Kelime Matrisi

Belge-Konu Matrisi

K1 K2 K3 K& K5 Kb
- D1 1 (1] (1] 0 (1] (1]
. . D2 0 1 0 0 1 1
Belge-Kelime Matrisi e 03 1 1 o g o o
W1 W2 W3 W4 W5 W6 W7 Ws e 04 1 o o 1 0 |
D1 0 1 1 0 1 1 0 1 K DS 0 0 1 1 0 0
o2 |1 1 1 1 o0 10 S
o3I |1 o o o 1 0 0 1 TSR
oa |1 1 o 1 0o o 1 0 e Konu-Kelime Matrisi
s o 1 o 1 0 o 1 o W1 W2 W3 W4 W5 W6 W7 Ws
K1 0 1 1 0 1 0 1 0
K2 1 1 1 1 0 1 1 1
K3 ol 0 o 0 1] 1 0 0
Ka 1 1 0 1 1 0 0 1
K5 i 0 1 0 1 1 1
Ke 1 0 1 1 0 0 1

GDT belgelerin olusturdugu kiilliyati, konular olarak anlagilabilecek gizil (latent) olasiliksal degiskenler
tarafindan {iretildigi varsayimma dayanmaktadir. GDT algoritmasinda konular belirlemek i¢in kelimeler
arasindaki es olusumdan yararlanan bir Bayesian hiyerarsik karisim modeli uygulanir. GDT iiretken olasiliksal
modelleme kullanmaktadir. Bu iiretken siire¢ hem gdzlenen hem de gizil rastgele degiskenler iizerinde ortak
bir olasilik kosullu dagilimini tanimlar. Bu kosullu dagilima sonsal dagilim da denir. GDT sonsal dagilim
olusturulmasi stirecinde Gibbs drnekleme algoritmasini kullanmaktadir (Blei, 2012). GDA modelinin daha iyi
anlasilabilmesi i¢in Sekil 2’de grafiksel gdsterimine yer verilmistir.
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Sekil 2

GDT Algoritmanin Sekilsel Gosterimi

Konuya gore kelime gruplar
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Sekil 2°de a (belge-konu yogunlugu) ve B (konu-kelime yogunlugu) parametreleri islemler sirasinda bir
kez orneklenen baglant1 parametreleridir. o parametresinin yliksek degerleri belgelerin daha fazla konunun
karigimindan; f§ parametresinin yiiksek degerleri ise bir konun fazla sayida kelimelerden olustugunu anlamina
gelir. o degerinin diisiik ya da yiiksek olmasi belgelerin igerdigi konu sayisi ile ilgilidir. Ozetle yiiksek a
parametresi belgelerin benzerligini, yiiksek B parametresi ise konularin benzerligini gosterir.

Sekil 2°de Wy d. belgedeki n. kelimeyi, zd,n d. belgedeki n'inci kelime i¢in konu atamasini ve Qg g.
belgedeki k konu oranini gostermektedir. P, 04k, Zdn Onceden bilinmeyen, wd,n bilinen degiskeninin iglenmesi
sonucu elde edilen degerleri temsil etmektedir. 64k o parametresi dagilimindan c¢ekilmektedir (6qx ~ dir(a) ).
Konu sayist K ve buna bagli olarak o parametresinin dagilimi, konu degiskeni z'nin boyutlulugu 6nsel (a priori)
olarak kabul edilir ve ayrica sabit oldugu varsayilir. Her bir belge i¢indeki K konularinin her biri i¢in bir oranin
tahmin edildigine; ancak, bu tahmini oranlar oldukca kii¢iik olabilecegine (6rnegin, 0,001) dikkat etmek
gerekir (Nowlin, 2015). Bu da o konunun o belge i¢inde yaygin olmadigini gosterir. o parametresinin standart
Dirichlet 6nceligi 50/K'dir (Griffiths & Steyvers, 2004).

Sekil 2 incelendiginde modelin bir dizi bagimlilik belirttigi anlagiimaktadir. Ornegin, konu atamasi zd,n,
belge bagina konu oranlarma 6g baglidir. Bagka bir 6rnek olarak, gézlemlenen wd,n kelimesi zd,n konu
atamasina ve Bl:k konularimin tiimiine baglidir. (Operasyonel olarak, bu terim zd,n’nin hangi konuya atifta
bulunduguna bakilarak ve wd,n kelimesinin bu konu icindeki olasiligma bakilarak tanimlanir). Bu
bagimliliklar GDT'y1 tanimlar. Bunlar, iiretim siirecinin arkasindaki istatistiksel varsayimlarda, ortak dagilimin
belirli matematiksel bi¢giminde kodlanmistir (Blei, 2012). Ortak olasilik dagilimi daha sonra Bayes kuralina
gore, gozlenen degiskenler g6z Oniine alindiginda gizli degiskenlerin kosullu veya sonsal dagilimini
hesaplamak i¢in kullanilir (Blei, 2012). Bu ortak dagilim, her bir belge i¢in konu olasiliklarinin sonsal
dagilimini hesaplamak i¢in asagida yer alan esitligi kullanir:

p(0, z, w|a, )
pr(w|a,B)

p6,z|w,a,pB) =

Esitlikte pay, tiim rastgele degiskenlerin ortak dagilimidir ve payda, herhangi bir konu modeli altinda
gozlemlenen kiilliyat1 elde etme olasiligidir. Bu olasiliklar tiim olas1 konu yapilar {izerinden toplanabilir;
ancak ¢ok sayida olas1 konu yapisi gz oniine alindiginda bu hesaplanmasi zor hale gelmektedir. Bu nedenle,
bu toplamin 6rneklemeye dayali veya varyasyonel yaklagimlar kullanilarak yaklasik olarak hesaplanmasi
gerekir (Blei, 2012). GDA algoritmasinda, Gibbs 6rneklemesi sonsal dagilimi tahmin etmek i¢in kullanilir
(Griffiths & Steyvers, 2004).
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GDT algoritmasi daha 6nce bahsedildigi gibi ilk olarak belge-terim matrislerini olusturur. Buna dayali
olarak, bir belgedeki her kelimeyi N kelimelik bir dizi olarak kavramsallagtirir (Blei, 2012). Daha sonra
Dirichlet dagihimindaki k tane konudan birkag tanesi segilir. Belgeye bir konuya ait wi kelimesi eklenir. wi
kelimesinin eklenmesinden sonra olasilik dagilimina gore bir konu secilir. Bu sekilde bir dizi belgenin elde
edildigini varsayarak k tane konuyu ve bu konulara ait kelimeleri GDT algoritmasinda Gibbs 6rneklemesi ile
saptamak i¢in agagidaki adimlar izlenir.

1. Her bir belge i¢in belgedeki her bir kelime rastgele K konularindan birine atanir.

Her bir belge gozden gegirilir ve belgedeki her bir kelime K konudan birine rastgele atanir. Her d
belgesi i¢in, her w kelimesi gozden gecirilir. Belirli bir d belgesi i¢in ka¢ kelimenin t konusuna ait oldugunu
belirlemeye ¢aligilir. Eger d'deki birgok kelime t konusuna aitse, w kelimesinin t konusuna ait olma olasilig1
daha yiiksektir. w kelimesi nedeniyle t konusunda kag belge oldugunu belirlenmeye ¢alisilir.

2. Bu rastgele atama hem tiim belgelerin hem de tiim konularin kelime dagilimlarin1 verir.

GDT, belgeleri konularin bir karisimi olarak temsil eder. Benzer sekilde, bir konu da kelimelerin bir
karigimidir. Bir kelimenin bir konuda olma olasilig: yiiksekse, w kelimesine sahip tiim belgeler t konusu ile
daha giiclii bir sekilde iliskilendirilecektir. Benzer sekilde, w kelimesinin t konusunda olma olasiligi ¢ok
diisiikse, w kelimesini igeren belgelerin t konusunda olma olasiligi ¢ok diisiik olacaktir, ¢iinkii d belgesindeki
kelimelerin geri kalani bagka bir konuya ait olacaktir ve dolayisiyla d bu konular i¢in daha yiiksek bir olasiliga
sahip olacaktir. Dolayistyla, w kelimesi t konusuna eklense bile, t konusuna bu tiir cok sayida belge
getirmeyecektir.

3. Her bir belge i¢in atamalar iyilestirilir.

Ucgiincii asamada her bir t konusu i¢in iki oran hesaplanir.

p (konu t | belge d) = d belgesindeki su anda t konusuna atanmis kelimelerin orani ve

p (kelime w | topic t) = bu w kelimesinden gelen tiim belgeler {izerinden t konusuna yapilan atamalarin
orant.

Hesaplanan iki oran ¢arpimina yani t konusunun w kelimesini iiretme olasiliina dayali olarak ~ w
kelimesi yeni bir konuya atanir. Ugiincii adim defalarca tekrarlandiginda konu atamalarinin istikrarli oldugu
bir duruma ulasilir. Béylece bu atamalar ile her bir belgenin icerdigi konu olasiliklar1 ve her konuya ait
kelimeler, tekrarlanma sayilar ile elde edilir. GDT algoritmasini anlatirken isin matematiksel mantigi bu
calismanin okuyucu kitlesine hitap etmeyecegi diisiincesi ile olasilik hesaplamalarinda 6nciillerin kullanimini
gibi ayrintili hesaplamalara yer verilmeden agiklanmaya ¢alisilmistir.

Birinci ve gegici olan agamada kelimeler konulara atanir ancak konu sayisinin aragtirmaci tarafindan
belirlenmesi gerekmektedir. Kelimelerin konulara atanarak kelime-konu matrisin olusturulmasinda,
kelimelerin farkli konular i¢in kullanilmasina (¢ok anlamlilik) ve benzer kelimelerin kiimelenmesine
(esanlamlilik) izin verilir. GDT algoritmasinin kelime-konu matrisinde, konular1 temsil eden kelimeler
olasiliklara gore degerlendirilir ve her bir kelime birden fazla konu igerisinde bulunabilir. Ayrica GDT modeli
belgelerde gecen kelimelerin dnemli semantik bilgileri tasidigi ve benzer bir konudaki belge setinin ayni
kelime setini igerecegi varsayimi altinda ¢aligir. Bu fikirden yola ¢ikarak, gizil konular, belgelerde siklikla
gecen bir grup kelimeyi bulur. Bir konu igerisinde en yiiksek olasilik degerine sahip kelimeler o konunun
anlamimin yorumlanmasini kolaylastirir. Sekil 1’de GDT algoritmasi ¢esitli belgelerden olusan bir kiilliyati,
belge-konu (®) ve kelime-konu (@) matrisi olusturmak suretiyle modelledigi goriilmektedir. Bu matrisler
yardimiyla kelimeler ve agirliklari kullanilarak kullanigh bilgiler ortaya ¢ikarilmakta ve bu kapsamda konular
tespit edilebilmektedir. Modellemede kullanilmamis olan bir belgenin de hangi konuya ait oldugu yine bu
matrisler yardimiyla atanabilir. GDT’nin ¢iktisi ise, her biri belirli bir konu kategorisine giren anahtar kelime
gruplaridan olusur. Daha sonra bu anahtar kelime gruplari1 benzersiz konu basliklari ile etiketlenir. Bu nedenle
¢ikti, her biri 1'den N'ye kadar bir anahtar kelime grubunu ve 1'den M'ye kadar bir konu listesini temsil eder.
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Yontemsel Konular

Bir konu modellemesi caligsmasi ¢esitli asamalardan olugmaktadir. Ancak bu asamalar birbirinden
bagimsiz degildir, baz1 asamalar i¢ ice ge¢mistir. Tiim aragtirmalarda oldugu gibi konu modellemesi de
hipotezler ve aragtirma sorularinin olusturulmasi ile baglamalidir. Konu modellemesi i¢in en uygun olan bir
metin kiimesinin altinda yatan gizli degiskenleri anlamanin ilgi ¢ekici oldugu sorulardir. Ikinci asama veri
toplama asamasidir. Bu adim, hipotezleri test etmek veya arastirma sorularini yanitlamak icin gereken uygun
metnin belirlenmesini ve bu metnin toplanmasi i¢in bir yontem gelistirilmesini igerir. Bir metin veri tabanini
(kiilliyat) derlemek igin veri tiiriine dayali olarak kullanilabilecek bircok veri toplama yontemi vardir.
Arastirmact yeterli miktarda veri toplayabildigi slirece metin iireten herhangi bir tasarim kullanilabilir.
Aragtirmacilar, internet tabanl metinlerden (6rnegin, web sitesi metni, e-postalar veya Twitter, Facebook gibi
sosyal medya verileri), miilakatlar ve odak grup goriismelerinden elde ettikleri ses dosyalarini metne
doniistiirerek veya katilimeilara anketler ve agik uglu sorularla yanit yazmalarini isteyerek, arastirma amacina
uygun olarak farkl: tiirde metinler kullanabilirler (Banks vd, 2018).

Konu modellemesinde dikkat edilmesi gerekenler 6rneklem biiyiikliigii, veri 6n isleme, konu sayisina
karar verme ve model karmasikligini inceleme adimlaridir. Bu adimlar sirasiyla ayrintili olarak agiklanmustir.

Orneklem Biiyiikliigii. Konu modellemesinde érneklem biiyiikliigii analize dahil edilen belge say1s1 ve
her bir belgedeki kelime sayisi ile iliskilidir. Konu modellemede gereken minimum kelime sayis1 agisindan
genel bir kural bulunmamaktadir. Ornegin, sosyal medya paylasimlari smirh sayida kelime igerdikleri igin gok
kisa olabilen belgelerdir. Metin tiirli bu sekilde kisa oldugunda, kullanic1 diizeyinde toplama igslemi yapilabilir
ancak bu da 6rneklem biiyiikligiinii (yani belge sayisini) azaltir. Metin verisi i¢in minimum kelime sayisi konu
baglamma goére degisebilir. Ozellikle anket calismalarnda kullanicilardan minimum bir kelime sayisinda
yazmalari istenebilir.

Metin uzunlugu kadar 6nemli olan noktalardan biri metnin kalitesidir. Yazim ve dilbilgisi agisindan
hatasiz olan metinlerde konularin ortaya ¢ikmasi daha kolaydir. Ayni kelime bir belgede yanlis yazilmigsa
veya kullanilmis ise, metindeki Oriintiileri bulmak daha zordur. Anket ¢aligmalarinda minimum bir kelime
belirtilse de katilimcilar sadece kelime sayisim1 doldurmak igin tekrarlayan ya da anlamsiz kelimeler
kullanabilirler. Bunun yaninda metin tiirii sosyal medya gonderisi oldugunda kisaltmalar ve argo terimlerin
varlig1 arastirmacilari zorlayabilir. Orneklem biiyiikliigiinii etkileyen bir diger husus belgenin diizeyidir. Bir
climle bir paragrafin iginde, bir paragraf bir sosyal medya gonderisinin i¢inde ve bir sosyal medya gonderisi
de kullanicinin iginde yer alir. Tlgilenilen hipotezlere veya arastirma sorularina bagh olarak, arastirmacilar bir
belgenin tanimlandig1 diizeyi degistirebilir bu da érneklem biiyiikliigiinii etkileyebilir (Tang vd, 2014).

Veri On Isleme. Nicel arastirmalarda analize baslamadan once yapilmasi gerekli olan kayip deger, ug
deger incelemesi gibi metin verisi toplandiktan sonra ilk agama veri 6n incelemesi olmalidir. Bu agsamada
yapilan her islem analiz sonucunu dogrudan etkilemektedir. Veri 6n isleme asamasi ne kadar dogru ve iyi
yapilirsa analiz sonucu da o kadar dogru ve giivenilir olmaktadir. Bir regresyon analizinde u¢ degerlerin ya da
etkili degerlerin varlig1 ve gikarilmast durumunda sonuglarin degisebilecegi gibi, metin 6n isleme asamasi da
potansiyel olarak sonuglar1 etkileyebilir. On isleme asamasindaki adimlar, verileri daha sonraki analizler igin
hazirlamay1 amaglamaktadir. Bu adimlar sadece konu modellemesi yapmadan 6nce temiz ve uygun sekilde
bi¢imlendirilmis bir veri kiimesi gelistirmek i¢in degil, ayn1 zamanda konu modellemesi g¢iktisinin
yorumlanabilirligini kolaylastirmak i¢cin de gereklidir (Gencoglu, 2023). Bu baglamda 6n isleme kesifsel,
yinelemeli bir asamadir ve analizin ilerleyen asamalarinda bile bu asamaya tekrar geri donmek gerekebilir.

On isleme siirecinde, modelleme analizinin kalitesini etkileyebilecek tiim alakasiz cevaplarin, ok kisa
metinlerin veya gecersiz kayitlarin kaldirilmasi ilk asama olmalidir. Devam eden siireg, pargalara ayirma
(tokenizasyon/béllitleme) ve metnin temizlenmesini igerir. Bu agsama anlamli olmayan karakterlerin ve
noktalama igaretlerinin kaldirilmasini, tiim kelimelerin kiiglik harfe doniistliriilmesini ve bos cevaplarin ve
bosluga karsilik gelen cevaplarin hari¢ tutulmasini igermektedir (Gencoglu, 2023; Vijayarani vd. , 2015).

Parcalara ayirma (tokenization) isleminde tiim belge ciimlelere, kelimelere, hecelere, harflere veya
arastirma i¢in belirlenen kurallara gore boliinmektedir. Her bir climle, kelime, hece ve harf, noktalama
isaretleri veya bosluklarla belirlenen aragtirma i¢in se¢ilmis kurallara gore parcalara ayrilir. Bu asamada dile
ozgii islemler de gerekebilir. Ornegin Tiirkge icin Tiirkce karakterlerin “¢” harfini “c” harfine, “ii”” harfini “u”
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harfine doniistiirmek gibi karakter doniisiimii yapilmalidir. Veri setinde ¢ok fazla Tiirkge karakter bulunmasi
isletim sistemindeki karakter kodlama problemi nedeniyle analiz sonucu negatif yonde etkilenebilir.

On isleme asamasinin en énemli adimlarindan biri etkisiz kelimelerin (stopwords) degerlendirilmesi ve
cikarilmasimi igerir. Etkisiz kelimeler bir arastirma baglaminda konularin belirlenmesine deger katmayacak
kadar sik kullanilan sézciiklerdir. Etkisiz kelimeler metin igerigiyle ilgili olmayan dile 6zgii s6zciiklerdir, bu
nedenle daha gegerli bir analiz i¢in kaldirmalar1 gerekir. Etkisiz kelimeler kaldirildiktan sonra kalan kelimeler
genellikle isimler, fiiller ve sifatlardir. “Ve, veya, ama, fakat, ¢ilinkii, iistelik, hatta” gibi baglaglar veya “ben,
sen, o, su” gibi zamirlerin tek baslarma anlamlar1 olmadig1 ve bu kelimelerin gruplandirma siirecine ¢ok az
deger kattig1 veya hi¢ deger katmadig i¢in ¢ikarilmasi gerekir (Nowlin, 2015). Ornegin, kiilliyatta sadece tibbi
belgeler bulunuyorsa, insan, viicut, saglik gibi kelimeler belgelerin ¢ogunda bulunabilir ve bu nedenle belgeyi
one cikaracak herhangi bir 6zel bilgi eklemedikleri i¢in ¢ikarilabilirler. Belgelerin en az %80 ~ %90'inda gegen
bu etkisiz kelimeler herhangi bir bilgi kayb1 olmadan sonuglarin anlamliligi i¢in ¢ikarilmalidir.

Analize baslamadan Once ilk olarak standart etkisiz kelimeler kaldirilmalidir, ancak bulgular
yorumlanmaya baslandiginda ilave kelimeler de ¢ikarilabilir. GDT analizin yapildig1 agik kaynak kodlu
yazilimlarda Tiirkge etkisiz kelimeler kiitiiphaneleri istenilen seviyede olmayabilir. Bunun icin Turkge
kelimelerden olusan bir etkisiz kelimeler listesini ¢aligma kapsaminda olusturulmasi onerilebilir. Etkisiz
kelimelerini bulmak igin, kelime listeleri frekansa gore diizenlenebilir ve sik kullanilanlar semantik deger
eksikligine etkisiz kelime olarak secebilir (Kadhim vd., 2014).

Etkisiz kelimelerin belirlenmesinde ¢alisma yapilan literatiir hakkinda bilgi sahibi olmak oldukc¢a
degerlidir. Bir analizde etkisiz goriilebilecek bir kelime baska bir analizde 6nemli olabilir. Ornegin
Ingilizcedeki iiciincii tekil sahis kelimesi “it” ¢ogu analiz i¢in etkisiz kelimedir. Ancak bu kelime ayn1 zamanda
bilgi teknolojisi kelimesinin de kisaltmasidir ve bu alanda yapilacak bir calisma i¢in etkilidir. Etkisiz
kelimelerin belirlenmesinde sonuglardaki rastgele giiriiltiiyli azaltmak igin sik¢a gecen kelimelerin
¢ikarilmasimi 6neren Zipf yasast (Newman, 2005) uygulanabilir. Zipf yasasi, dagilimin kuyrugundaki seyrek
kelimelerin ¢ikarilmasi i¢in de gecerlidir. Bir kelimenin bir belgede gegmesi i¢cin minimum bir sayi
belirlenebilir ve bunun Gzerinde bir kelime seyrek terim olarak kabul edilmez. Ancak bazi kelimeler bazi
belgelerde ¢ok sayida gecerken bazi belgelerde hig geg¢meyebilir. Bu nedenle, minimum sayida belge
belirlemek bazi kelimelerin analizden ¢ikarilmasina yol agacaktir.

Parcalara ayirma isleminden sonra, bir sonraki olasi adim kelime koklerini belirleme (stemming)
adimidir. Bu adim basitge kok anlami bozulmadan, eklerin ¢ikarilarak sézciiklerin kok veya temel bigimine
indirgenmesi iglemidir (Jivani, 2011). Bu yontemin amaci, ¢esitli ekleri kaldirmak, kelime sayisin1 azaltmak,
dogru eslesen koklere sahip olmak, zamandan ve hafiza alanindan tasarruf etmektir (Vijayarani vd., 2015).
Ancak kok bulma sonucunda kalan sozciikler her zaman gergek sdzciikler olmayabilir; bunlar sadece anlamsal
bir anlam1 olmayan sozciik pargalar1 haline de gelebilir. Kok bulma, kelimeleri kok bigimlerine indirgemek
icin daha temel ve kaba bir yontem saglarken, koklerini ¢oziimleme (lemmatizasyon) yontemi bir kelimenin
amagclanan anlamina gore temel veya s0Ozliik bicimini belirlemeyi iceren daha karmasik bir siirectir. Bu islemde
ortaya ¢ikan kelimede her zaman dile ait olan 6zel bir kelimedir. Lemmatizasyon genellikle anlamsal
dogrulugun ¢ok onemli oldugu gorevlerde tercih edilirken, kokten ¢ikarma basitlik ve hizin daha 6nemli
oldugu gorevlerde daha uygun olabilir. Lemmatization adimimin gerekli olup olmadig1 arastirmaya konu olan
probleme baghdir (Weiss vd., 2010). Ne yazik ki, daha az sayida yazilim paketi lemmatization yaklagimini
icermektedir. Hem kok belirleme hem de lemmatizasyon metin 6n islemede popiiler segenekler olmaya devam
etse de, her bir yaklagimin kullanisliligina iliskin aragtirmalar karigiktir ve biiyiik 6lgiide kiilliyata, yonteme ve
arastirma diline baglidir (Banks vd, 2018). Ozellikle, Tiirkce gibi sondan eklemeli dillerde ayni1 kelime, metin
icerisinde kullanimina gore farkli sekillerde goriilebilmektedir. Kelimeler koklerine ayrilarak, bu sorunun
tistesinden gelinebilir.

Kok bulma ve koz ¢oziimleme adimlarindan sonra kelime dizileri (n-gram) calismasimin takip etmesi
gerekmektedir. Kelime dizileri (n-gram) tekniginde, bir dokiimanda bitisik sekilde yer alan kelime ve kelime
gruplarinin kag¢ defa gectigi hesaplanmaktadir. Tek bir kelimenin siklik (frekans) sayisinin hesaplanmasi tekli-
gram (unigram), bitisik iki kelimenin sikliginin hesaplanmasi ikili-gram (bigram) ve bitisik {i¢ kelimenin siklik
sayisinin hesaplanmasi ise tigli-gram (trigram) olarak adlandirilmaktadir (Kumar & Paul, 2016). Kelime
dizileri ¢ok faydal1 ifadelerin belirlenmesinde anahtar olabilir. Ornegin, ikili-gramlarla analiz yapilirken Dogu
Anadolu, Dogu ve Anadolu yerine ayr1 ayr1 iki kelime degil tek bir kelime olarak analize dahil edilecektir.
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Sonuglar tekli ve ikili gramlarin kullanimiyla degisecektir. Bununla nedenle, sonuglarm her iki analizle de
incelenmesi Onerilir. Banks vd. (2018) genel olarak, aragtirmacilarin analizlere tekli-gramlarla baglamasini,
ancak cogu baglamda ikili- gramlarin da dikkate alinmasin1 dnermektedir.

GDT algoritmasinin avantajli ve dezavantajli taraflart mevcuttur (Maier vd., 2018). GDT algoritmasinin
avantajlari; biiylik hacimdeki veri setinde yer alan konularin hizli bir sekilde belirlenmesini saglamaktadir.
Gercek hayata uygun olarak, bir belge birden fazla konuyu igirebilme olanagi mevcuttur. Dezavantajli taraflar
ise, sonuglarin deterministik olmamasi, yontemsel konularda dikkat edilmesi gereken her noktanin, analiz
sonuclar1 degistirilmesidir. Konu sayisinin aragtirmaci tarafindan belirlenmesi bir sinirlilik olarak sayilabilir.

Konu Sayis1 Belirleme. K sayida konunun belirlenmesi, konu modelleri kullanilirken karsilasilan en
biiyiik zorluklardan biridir (Blei & Lafferty, 2009). Denetimsiz bir algoritma olmasi nedeniyle, model
tarafindan tiiretilen kategorilerin arastirmaci tarafindan gerekcelendirilebilir olmasmi saglama yiikiinii
arastirmactya yiiklemektedir. GDT algoritmasi i¢in uygun konu sayisini belirlemek arastirma sorusuna ve test
edilen hipotezlere gore segilmeli ve teori tarafindan yonlendirilmelidir. Cok az sayida konulu model,
kelimelerin ¢akigmasina ve farkli konu bagliklarinin belirlenememesine neden olabilir, ancak ¢ok fazla konulu
model ise anlamsal gecerliligi azaltabilir veya daha genis ve kapsayici bir konuyu ortaya ¢ikarmakta basarisiz
olabilir. Bu nedenle konularin anlamsal gecerlilige sahip olmasi, konu sayisi belirlemede en énemli gerekce
olmalidir (Grimmer & Stewart, 2013). Anlamsal gecerlilik, her bir konunun, terimlerin o konuyla
iliskilendirilmesi ile fark edilebilecek acik ve tutarli bir anlama sahip olmasi anlamina gelir (Krippendorff,
2003).

Arastirmacilar, degisen onu sayisi (K) degerleri ile yinelemeli bir modelleme siireci kullanmalidir. Konu
sayisini azdan baslayip artirarak veriyi kesfetmek, aragtirmacilarin verilerine daha agina olmalarima yardimei
olur. Konu sayisini segerken, arastirmacilarin tutumluluk (parsimony) ilkesini uygulamalar1 6nemlidir. Yani,
metindeki konularin veya ortiik yapilarin sayisini ve dolayisiyla sonuglarin karmasikligini artirmayi hakli
cikarmak icin, daha fazla konu ile bulgular1 daha iyi yorumlayabilecegine dair bir gerekce olmalidir.

Arastirmacilar ortaya ¢ikan konularin neyi temsil ettigini tartismali ve konu etiketleri gelistirmelidir.
Ayrica ortaya ¢ikan konulari mevcut literatiirle iligskilendirilmesini saglamaya c¢alismalidir. Arastirmacilar
konu etiketleri ve tanimlarindan tatmin olduklarinda ve orijinal metinden destekleyici 6rnekler belirlendiginde
analiz tamamlanmig olur. Konu modelleme asamasinda son adim olarak, arastirmacilar konularin ag yapisim
incelemelidir. Bir konu agi, belirli konularin ne kadar iligkili oldugunu gérmeyi saglar ve ortaya g¢ikan
yapilari boyutlulugunu degerlendirmek i¢in faydalidir (Banks, 2018).

Model degerlendirmesi. Makine 0&grenmesinde denetimli Ogrenme algoritmalarinda modeli
degerlendirmek icin hesaplanabilecek metrikler bulunmamaktadir. GDT denetimsiz bir 6grenme algoritmasi
oldugundan hata metrikleri ile model performansinin degerlendirilme olanagi yoktur. Ancak elde edilecek
farkli modeller birbirleri ile karsilagtirilabilir. Dil modellemesinde siklikla kullanilan karmasiklik (perplexity),
cebirsel olarak kelime basina geometrik ortalama olasiligin tersine esdegerdir. Daha diisiik bir karmagiklik
puani daha iyi genelleme ve tahmin performansini gosterir (Blei vd., 2003).

PSIKOLOJIK DANISMA VE REHBERLIKTE KONU MODELLEMESI

Bir veri analizi yontemi olarak konu modellemesi; bazi arastirmacilar tarafindan, biiylik verinin makine
O0grenimi yoluyla analiz edilmesini saglayarak geleneksel arastirmalarin tamamlayict bir islevi olarak
degerlendirilmektedir. Psikolojik danigma literattirinin konu modellemesine gére analiz edilmesinin, tarihsel
stire¢ i¢inde alanin nasil ve nereye dogru bir gelisim ve degisim gdsterdigini gérmek ve alandaki degisim ve
gelismeleri izlemek agisindan 6nemli iggdriiler saglayabilecegine isaret edilmektedir (Oh vd., 2017).
Psikolojik danigma ve rehberlik alaninda konu modellemesinin kullanimi1 kuram, arastirma ve uygulamaya
yonelik 6nemli katkilar saglama potansiyeli tagimaktadir.

Konu modellemesi ilk olarak, psikolojik danigma ve rehberlik alanyazininda 6ne ¢ikan konularin ortaya
konulmas1 kuramsal ve kavramsal temellerin test edilmesine, genisletilmesine ve gelistirilmesine (Chen &
Wojcik, 2016) yonelik katkilar saglayabilmektedir. Ayrica, konu modellemesi, psikolojik danisma ve
rehberlikte arastirma egilimlerini belirlemek ve arastirmanin odagindaki konulari ortaya ¢ikarmak gibi 6nemli
bir islev gorebilmektedir (Bittermann&Fischer, 2018). Bu noktada, geleneksel nitel veri analizi yontemleri ile
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kolay bir sekilde ortaya ¢ikarilamayabilecek gizil temalarin goriilmesine ve bdylece arastirma agisindan eksik
kalan ya da gézden kagan yonlerin kesfedilmesine katki saglayabilmektedir (Chen & Wojcik, 2016). Dahasi,
ortaya ¢ikan konular aragtirma bulgularinin sentezlenmesine ve bu sentezlere dayali olarak etkili ¢ikarimlarin
ortaya konulmasina ve mevcut problemlerin ¢6ziimiine 151k tutmaya yarayabilir. Ayrica, geng arastirmacilara,
alandaki arastirma egilimlerini gormelerine ve bu dogrultuda kendi ilgi alanlarin1 kesfetmelerine yardime1
olabilir (Bittermann ve Fischer, 2018).

Konu modellemesinin, psikolojik danigma uygulamalarina yonelik olas1 katkilarinin da alt1
¢izilmektedir. Ornegin, anonimligi saglanmis danisma transkriptlerinin konu modellemesi ile analiz
edilmesinin danigsma oturumlarmin igerigi ve odaginin ortaya konulmasina, danisanin yasaminda 6ne ¢ikan
ve tekrarlayan temalarin kesfedilmesine ve danisan deneyimlerinin gesitli yonleri ile anlagilmasina ve bu
dogrultuda yardim siirecinin gézden gecirilmesine ve degerlendirilmesine katki saglayabilir (Chen &
Wojcik, 2016). Ayrica tekrarlayan temalarin danisanlar ile oturumlarda seffaf bir sekilde ele alinmasi,
danisanlarin problemlerine ve bunlarin ¢oziimlerine yonelik i¢goriiler kazanmasina katki saglayabilir. Farkli
psikolojik danigma yontem ve modellerinin etkililigini anlamaya yonelik gerceklestirilecek konu
modellemesi arastirmalari (Liu & Gao, 2021) hem psikolojik danigma siirecinin gelistirilmesine hem de
psikolojik danisman egitimine dnemli katkilar saglayabilir. Psikolojik danismada konu modellemesi ortaya
koydugu bulgular agisindan toplumsal ihtiyaglarin anlasilmasina ve ayni zamanda toplumun ihtiyaglara
cevap verecek sekilde uygulamalar gelistirilmesine katki saglayabilir (Bittermann & Fischer, 2018). Ayn
zamanda, bu ihtiyaglardan yola ¢ikarak politikalar gelistirilmesine yonelik anlamli girdiler saglayabilir. Bu
islevleri ile konu modellemesi, psikolojik danisma ve rehberlikte etkili, sistematik ve degerli bir arastirma
yontemi olarak degerlendirilmektedir (Bittermann & Fischer, 2018; Oh vd., 2017).

Psikolojik Danisma ve Rehberlik ve ilgili Alanyazinda Konu Modellemesine Dair Ornekler

Biiytik veri analizi ve makine dgrenimi konusundaki gelismelerle birlikte konu modellemesinin bir veri
analizi yontemi olarak kullanimima dair arastirmalarin ruh saglig: ile ilgili alanyazinda artmakta oldugu
goriilmektedir. Bu baglik altinda, gizil konu modellemesi gibi yontemlerle gergeklestirilen konu modellemesi
analizi kullanan arastirmalardan 6rnekler sunulmaktadir. Var olan ¢aligmalar, arastirma amaclarina gore bes
grup altinda toparlanarak 6zetlenebilir: 1) Genel olarak ruh saglig: ile ilgili alanlarda en ¢ok arastirilan konular1
ortaya ¢ikarmaya yonelik arastirmalar (6r., psikolojik danigma alanindaki trend konular) 2) Psikolojik danisma
alanyazindaki belirli konulara iliskin temalarin arastirildigi aragtirmalar (6r., ¢ok kiiltiirliliik, kariyer
danigmanlig, bilingli farkindalik) 3) Psikolojik danigma ve yardim siireci (0r., en etkili psikolojik danigma
yontemleri, terapotik iliski, cevrimi¢i danigma vb.) ile ilgili temalarin aragtirildigi calismalar 4) Tani ve tespite
yonelik gergeklestirilen arastirmalar (6r., siber zorbalik, depresyon belirtilerinin tespiti gibi) 5) Olgme,
degerlendirme ve bireyi tanimaya yonelik ¢aligmalar kapsaminda gergeklestirilen arastirmalar (6r., anketlerde
acik uglu sorulara verilen yanitlarin degerlendirilmesi).

Ik grupta, psikolojik danisma ve ilgili ruh saglig1 alanyazini ile bunlarmn alt alanlarinda (6r., kariyer
psikolojik danismanligi, orgiitsel psikoloji, evlilik ve aile psikolojik danismanlig1 gibi) tarihsel siire¢ icinde
arastirmalarin hangi konular etrafinda toplandigini ortaya koymak, ayrica arastirma siireglerindeki giincel
egilimleri tespit etmek amaciyla gerceklestirilen calismalar drnek olarak gosterilebilir. Ornegin, Danisma
Psikolojisi (Journal of Counseling Psychology) dergisinde 1963’ten 2015 yilma kadar yaymlanan akademik
makaleler konu modellemesi yontemi ile analiz edilerek son 53 yilda arastirmalarin hangi konularda
yogunlastigi arastirilmistir. Bulgular, 70 konu dagilimi ortaya koyarken bu konularin psikolojik danigma siireci
ve sonuglari, ¢ok kiltiirliiliikk, arastirma yontemleri ve kariyer danigmanligi olmak iizere dort kategoride
toplandig1 belirtilmistir. Ozellikle son yillarda ¢esitlilik ve ¢ok kiiltiirliiliik konularmna yénelik arastirma
egilimlerinde artis oldugu raporlanmistir (Oh vd., 2017). Benzer sekilde, 1980’den 2016 yilina kadar Almanca
konusulan tilkelerde psikoloji alaninda yapilan arastirmalarin hangi konular etrafinda toplandigi incelenmistir.
314.573 yaymin analiz edildigi arastirmada 500 konu ortaya konulmus ve bunlar iginden hangilerinin trend
konular oldugu arastirilmistir. Buna gore artan bir arastirma egilimi gosteren giindemdeki konular,
noropsikolojinin farkli yonleri, ¢evrimigi psikolojik danigma, kiiltiirler aras1 6zellikler, travma ve gorsel dikkat
olarak belirlenmistir (Bittermann & Fischer, 2018). Bu calismalara benzer sekilde sadece belli uzmanlik
alanina odaklanan arastirmalar da bulunmaktadir. Ornegin, Liu vd. (2020), 2007 ile 2018 yillar1 arasinda klinik
psikoloji alaninda yapilmig arastirmalarda 6ne ¢ikan konulari belirlemek i¢in konu modellemesi analizi
gergeklestirmisler ve meta-analiz, psikoterapi, profesyonel gelisim ve depresyon konularin klinik psikolojide
12 y1l boyunca en 6ne ¢ikan konular oldugunu ortaya koymuslardir. Bununla birlikte davranigsal miidahaleler
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konusunun ise 2007 yilindan bu yana arastirma konusu olarak artista oldugunu rapor etmislerdir. Bu
arastirmalar, ozellikle Psikolojik Danisma ve Rehberlik ve ilgili alanyazinda arastirmalarin odagimin hangi
konularda toplandigini ve arastirma egilimlerini gérmek agisindan anlamli sonuglar tiretmektedir. Bu agidan
bakildiginda bu arastirmalar, hangi konularin tarihsel siire¢ icinde dnem kazandigimi gérmek kadar hangi
konularm gozden kagtigini gérmek agisindan da anlamli ¢ikarimlar saglayabilecektir.

Ikinci grupta, psikolojik danisma ve ilgili alanyazinda belirli sorun alanlarma ya da belirli miidahale
bi¢cimlerine yonelik gergeklestirilen aragtirmalarin hangi konular etrafinda odaklandigini ortaya ¢ikarmaya
yonelik ¢alismalar yer alabilir. Bu gruba, Kee vd. (2019) tarafindan bilingli farkindalik ile ilgili ¢alismalarin
konu modellemesi analiz edildigi arastirma 6rnek olarak gosterilebilir. Arastirmacilar, Web of Science’da 20
Ekim 2017 yilina kadar konuyla ilgili yaymlanmis 5949 arastirmay1 konu modellemesi ile analiz etmislerdir.
Bulgularda 106 konu 231 terim 6ne ¢ikarken bunlar sonrasinda durum/sorun (kumar bagimliligi, depresyon,
kayg1 bozukluklari, kanser gibi bilingli farkindalik uygulamalarmin kullanildig1 sorun ya da konu alanlari),
yapi/felsefe (Vipassana, Budizm, meditasyon gibi calismalarin dayandirildigr farkli felsefi kokenler),
modalite/bi¢cim (bilingli farkindalik temelli bilissel terapi, bilingli farkindalik temelli stres azaltma programlari,
sanal gerceklik uygulamalar1 gibi teknoloji tabanli uygulamalar), hedef kitle/uygulama alani (ergenler, giftler,
hamileler, saglik ¢alisanlar1 ve isyeri, okul gibi arastirmanin yapildig1 farklh kitleler ve yerler) ve arastirma
yontemi (kullanilan 6l¢me araglari, aragtirmalarin desenleri vb.) olmak iizere bes tema altinda kategorize
edilmistir. Bu aragtirma bilingli farkindalik konusunda ¢alisan aragtirmacilara su ana kadar gerceklestirilen
arastirmalarin hangi konularda toplandigini gostermesi agisindan énemli girdiler saglayabilir. Ilging bir diger
arastirma Orgiitsel psikolojide gergeklestirilmistir (Royston vd., 2022). Orduda farkl diizeylerde gorev yapan
subaylarin gorevleri ile ilgili agik uclu sorulara verdikleri yanitlar konu modellemesi ile analiz edilmis ve gorev
ve sorumluluk tanimlarinin liderlik diizeyine ve deneyimine gore nasil bir fark gosterdigi incelenmistir.
Bulgulara gore, alt diizey pozisyonlarda giinliik gorevler ve isle ilgili bilgi edinmeye odakli konular 6ne
cikarken, liderlik seviyesi arttikga denetim, ag genisletme aktiviteleri ve siire¢ iyilestirme gibi konular 6ne
cikmistir. Daha iist diizey liderlik seviyelerinde ise kullanilan dil, kurumsal komitelere katilim, stratejik
liderlik, kurumsal operasyonlar1 denetleme, mentorliik, stratejik planlama gibi konular1 6ne ¢ikarmistir. Bu
arastirmada konu modelleme analizinin i analizi ¢alismalari i¢in 6nemine isaret edilirken, bu analiz yontemi
ile elde edilen bulgularin belirli iglerin gerektirdigi nitelikler, ¢aligan 6zellikleri, is baglami gibi konularin daha
iyi anlasilmasina katki saglayabilecegine vurgu yapilmistir (Royston vd., 2022). Baska bir 6rnek ise Wang vd.
(2016) tarafindan ergenlerde madde kullanimi ve depresyon konusunda 2000 yilindan 2014 yilina kadar
PubMed’de yaymlanan toplam 17.723 arastirmanin ozeti tizerinde gergeklestirilen konu modellemesi
analizidir. Analizler sonucunda bes, 20 ve 50 konulu modeller ortaya konulurken, 6rnegin bes konulu modelde
bazi terimlerin bir arada yer almasina isaret edilmistir. Ornegin, alkol ve beyin arastirmalari, alkol ve cinsel
deneyimler, sigara ve alkol farkli konular altinda ikili gruplar olarak bir arada yer alan terimler olmustur.
Benzer sekilde, 20 konu ortaya koyan modelde miidahale ve tedavi, aile etkisi ve akran sosyal agi, diyet,
fiziksel aktivite ve obezite, intihar ve beyin aragtirmalari gibi ek konularin ¢iktigina igaret edilmistir. 50 konu
ortaya koyan modelde ise genetik ve cevresel etkiler, depresyon ve alkol kullanimi gibi konulara isaret
edilmistir. Bu li¢ modelde, ergenlerde madde kullanimi ile ilgili 6ne ¢ikan bes konunun; madde kullanima,
genel aragtirma terimleri, sigara kullanimi, beyin aragtirmalar1 ve ailesel ve arkadas aglari oldugu rapor
edilmistir. Ergenlerde depresyon ile ilgili 6ne ¢ikan bes konunun ise; depresyon, psikiyatrik sorunlar,
depresyonun tedavisi ve genel arastirma terimleri oldugu belirtilmistir. Bulgularda, ergenlerde depresyon ve
madde kullanimina dair 6ne ¢ikan tipik konularin yan sira ergenlerin madde kullanimu ile ilgili risk faktorleri,
madde kullanim1 ve depresyon arasindaki iliski ve miidahale programi konular1 6ne ¢iktig1 isaret edilmistir.
Ayrica, ergenlerde madde kullanimi ve depresyon ile ilgili en 6ne ¢ikan temanin seks ve siddet oldugu
belirtilmis; ergenlerde cinsel deneyim ve siddetin madde kullanimi ve depresyonla iligkisine isaret edilmistir.
Diger 6ne ¢ikan ilging konunun ise, ¢ocukluktan yetiskinlige gelisim oldugu belirtilmistir. Bu g¢alisma
ergenlerde depresyon ve madde kullanimi konusundaki risk faktorlerini, miidahaleye yonelik 6ne ¢ikan
konular1 ve bu alanlardaki giiclii yonler kadar ihtiyaclar1 belirlemede onemli sonuclar ortaya koydugu
sOylenebilir. Bu bulgularin, konuyla ilgili gerceklestirilecek miidahale programlarinin nasil sekillendirilmesi
konusunda da 6nemli iggoriiler saglayabilecegi sdylenebilir.

Ucgiincii grupta, psikolojik danisma ve psikolojik yardim siireclerinin etkililigi ve sonuglari ile iligkili
olabilecek konular1 ortaya ¢ikarmaya yonelik konu modelleme analizi ile gerceklestirilen arastirmalar ele
alinabilir. Bu grupta, Atzil-Slonim vd. (2019) tarafindan psikoterapide daniganlarmn islevsellik diizeylerini ve
terapotik iliskideki kopukluklari belirlemek i¢in konu modellemesi analizinin gerceklestirildigi arastirma
ornek olarak ele aliabilir. Bu ¢aligma kapsaminda 52 terapist ve 58 danisan ile gergeklesen 873 psikoterapi
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oturumlarinin transkriptleri analiz edilmistir. Bu kapsamda, terapi siireglerinde 6ne ¢ikan konularin neler
oldugu; hangi konularin danisanlarin iglevselligini ve terapist ile arasindaki terapdtik iligkideki kopuklugu en
iyi sekilde tanimladig1 ve analizlerde 6ne ¢ikan bu konulardaki degisimlere gore terapinin sonuglarinda bir
degisiklik olup olmadig1 arastirilmigtir. Bu incelemeleri desteklemek iizere, her oturumdan 6nce danisanlar
tedavi silirecindeki gelisimin gostergesi olarak kabul edilen iglevselliklerinde, kisilerarasi iligkilerinde ve sosyal
rollerdeki performanslarindaki degisimleri ve semptom diizeylerini bildirdikleri iki farkli 6l¢me araci
doldurmuslardir. Ayrica her oturumdan sonra terapistler de terapétik iliskideki kopukluklar1 degerlendirdikleri
bir soruya yanit vermiglerdir. Caligma kapsaminda 6ncelikle transkriptler tizerinde konu modellemesi analizi
yapilarak terapi siirecinde 6ne ¢ikan konular tespit edilmistir. Buna gore pozitif deneyim, negatif deneyim,
iliskiler, tedavi, saglik, giinliik yasam ve c¢esitli konular 6ne ¢ikan konu alanlari olmustur. Ardindan
danisanlarin iglevsellik diizeylerini ve psikoterapi seanslarindaki ittifak kopmalarmin hangi konularda ortaya
ciktigi lojistik regresyon ile arastirilmistir. Bulgulara gore, 6zellikle dort konunun (yalnizlik, istirap, fiziksel
giicliikler ve 6fke) danisanlarin diisiik iglevsellikleri ile; eglence, serbest zaman deneyimleri, kutlama ve se¢im
konularinin ise yiiksek islevsellikleriyle iliskili oldugu rapor edilmistir. Ayrica, analizlerde 6ne ¢ikan ii¢ konu
-iletisim, amag belirleme, yardim ihtiyac1 ve problemler-terapoétik ittifaktaki kopusla iliskili bulunmustur. Son
olarak, terapi siirecindeki konular degistikce terapinin sonuglarinda da bir degisiklik olup olmadigi ¢ok diizeyli
biyime modelleri ile analiz edilmistir. Sonuglara gore, terapi siireci boyunca yukarida bahsedilen daniganlarin
yiiksek iglevsellikleri ile iligkili bulunan konulardaki artisin semptomlarda azalma (diisiik depresyon diizeyi
gibi) ile iligkili oldugu goriiliirken, diisiik islevsellikle iligkili bulunan konulardaki degisimlere gore terapi
sonuclarinda bir degisim olmadig1 goriilmiistiir. Bu sonucun, olumsuz deneyimlere odaklanmaktansa olumlu
deneyimlere odaklanmaya dayali giincel psikoterapi yaklasimlarini destekledigine isaret edilmistir. Benzer
sekilde, Howes vd. (2013) tarafindan gerceklestirilen arastirmada terapi siirecinde 6ne ¢ikan konularin
daniganlarin semptomlarint ve terapi sonuglarini yordayip yordamadigi, eger boyle bir yordama
gerceklesiyorsa, terapistler tarafindan gergeklestirilen agiklamalar yerine konu modellemesi gibi makine
Ogrenmesine dayali otomatik veri analizi yontemlerinin kullanilip kullanilamayacagi ve konu modelleme
analizinin yorumlanabilir ve/veya terapistler tarafindan alinan kararlarla karsilagtirilabilir nitelikte konular
iiretip liretmedigi gibi sorulara yanit aranmistir. Bu dogrultuda, 2006-2008 yillar1 arasinda 31 psikiyatrist ve
bilgilendirilmis onam alinan 138 danisan arasinda ger¢eklesen en kisas1 5 dk. en uzunu 1 saat siiren psikolojik
danisma oturumlarinin transkriptleri kullanilmistir. Tedavi siirecinin bir parcasi olmayan arastirmacilar
danisanlarin semptomlarini degerlendirmis, danisanlardan tedavi oturumlarina iliskin doyum diizeylerini
degerlendirmek iizere bir 6l¢gme aracina yanit vermeleri istenmis ve hem daniganlardan hem de doktorlardanbu
stiregteki terapotik iligkiyi degerlendirmeye yonelik bir 6lgme aracina yanit vermeleri istenmistir. Toplamda
138 danigsma transkripti iginden 12’si iki uzman tarafindan kodlanmis ve bu oturumlarda 6ne ¢ikan 20 konu
belirlenmistir. Ayni1 zamanda, 138 transkript konu sayis1 20’ye sabitlenerek konu modellemesi yoluyla ayrica
analiz edilmistir. Béylece uzman insan kodlayicilarla makine 6grenmesine dayali konu modellemesinin 6ne
cikardig1 konular karsilagtirilmistir. Hem makine 6grenmesine dayali konu modellemesi analizi ile hem de
uzmanlar tarafindan elle yapilan tematik kodlamanin benzer yordama giiciine sahip oldugu goriilmiistiir.
Ancak, makine 6grenmesine dayali otomatik kodlama ile ortaya ¢ikarilan konularin semptomlar1 yordamazken
uzmanlar tarafindan yapilan kodlamalarin semptomlar1 yordadigi goriilmiistiir. Ote yandan konu modellemesi
analizinin uzmanlar tarafindan yapilan kodlamaya kiyasla terapotik iliskiyi daha iyi yordayan konular/temalar
ortaya koydugu rapor edilmistir. Bu arastirmalar, oturum transkriptleri iizerinde gerceklestirilen konu
modellemesi analizlerinin psikolojik yardim siireci ve sonuglarimi ve danisan ile psikolojik danigman/terapist
arasindaki terapotik iligskiyi ve ittifaki degerlendirmede kullanilabilecegine isaret eden &ncul bulgular
iiretmeleri agisindan ilgili alan yazina 6nemli katkilar saglamaktadir.

Dordiincii grup, konu modellemesi analizinin tan1 ve tespit gibi amaclarla kullanimina yonelik 6rnekleri
kapsamaktadir. Buna 6rnek olarak, Franz vd. (2020) tarafindan ergenler tarafindan kullanilan bir internet
destek grubu olan TeenHelp.org platformunda kendine zarar verme ve intihar ile ilgili alt gruplarda
gergeklestirilen paylagim ve gonderilerin konu analizi ile incelendigi aragtirma verilebilir. Ayni igerikler ayni
zamanda {i¢ insan kodlayic1 tarafindan da kodlanarak intihar ve kendine zarar vermeye yonelik tespitleri igeren
temalar (intihar igermeyen kendine zarar verme, intihar diisiincesi, intihar girigimi, pasif intihar diisiincesi,
intihar1 planlama, depresyon, sosyal kaygilar, istismar, ilag kullanimi, madde kullanimi ve diger seklinde)
ortaya konulmustur. Benzer sekilde konu modellemesi analizinin kendine zarar vermeye yonelik diisiince ve
davraniglar1 tespit edip edemedigi degerlendirilmistir. Bulgulara gore, 15 konu ortaya koyan analiz sonuglarina
gore alt1 tanesinin (intihar, arkadaslar, aile, depresyon, intihar icermeyen kendine zarar davraniglar1 ve sosyal
olmak {tizere) bu tespiti icerdigi ifade edilmistir. Dahasi, makine 6grenmesinin intihar ve depresyonu ayri
konular olarak tespit edebildigine isaret edilmistir. Arastirmada ayni1 zamanda, makine 6grenmesine dayali
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konu modellemesi analizinin insan kodlayicilar tarafindan ortaya konulan temalarla ne kadar ortiistiigii de
arastirilmistir. Bu amagla yapilan lojistik regresyon analizi bulgularinda makine 6grenmesiyle ortaya ¢ikarilan
ve hipotezleri karsilayan alti konunun insan kodlayicirlar tarafindan belirlenen dort tema ile ortiistigii ifade
edilmistir. Makine 6grenmesi ile tespit edilen konularin cinsiyete ve yasa gore fark gosterip gostermedigi t
testi ile analiz edilmis ve “intihar” konusunun erkeklerde daha yiiksekken, “intihar icermeyen kendine zarar
verme” konusunun kadinlarda daha yiiksek goriildiigii raporlanmistir. Bu aragtirma, makine 6grenmesine
dayali konu analizinin ergenlerin paylasimlarindan intihar ve kendine zarar verme ile ilgili temalar1 ortaya
cikararak tespitlerde bulunmaya yonelik nasil kullanilabilecegini 6rneklemesi agisindan 6nemlidir. Bu
gruptaki calismalarin serbest/denetimsiz konu modellemesi analizlerinden ziyade denetimli konu modellemesi
analizleri ile daha sofistike bir sekilde ele alindig1 sOylenebilir (6r., Mobin vd., 2024). Dolayisiyla sadece
serbest konu modellemesi analizlerinin, incelenen sorunla ilgili temel konular1 ortaya ¢ikarmasi tek basma
tespit ve tan1 amagh kullanilmasi pek miimkiin goriinmemekle birlikte iizerinde degerlendirmeler yapmak ve
olas1t hipotezleri iiretmek acisindan bir fikir verecegi soylenebilir. Ancak denetimli konu modellemesi
analizleri ve diger derin 6grenme analizleri ile tan1 ve tespite yonelik makine &grenmesi analizlerinin
gerceklestirildigi goriilmektedir.

Son grup, bireyi tanima ve dlgme degerlendirme siireclerinde konu modellemesi analizinin nasil
kullanilabilecegine yonelik &rnekleri icermektedir. Ornegin Finch vd. (2021),iistiin yetenekli cocuklarm
belirlenmesine yonelikgelistirmek istedikleri bir dlgek i¢in, dncelikle iistlin yetenekli ¢ocuklarin ebeveynleri
tarafindan yazili olarak verilen iistiin yetenekli olmanin farkli yonlerine dair tanimlar1 konu modellemesi
yoluyla analiz etmislerdir. Bu analizler sonucunda ortaya ¢ikan konular 6l¢ek maddelerinin gelistirilmesinde
kullanilmigtir. Baska bir aragtirmada da (Rohrer vd., 2017), konu modellemesi analizi nicel aragtirma igine
entegre edilmis, katilimcilara uygulanan Olgme araglarinin yani sira agik uglu olarak sorulan “Sizi
endiselendiren diger seyler neler?” sorusuna katilimcilarin verdigi yanitlar konu modellemesi ile analiz
edilmistir. Bu arastirma kapsaminda, Almanya’da Sosyo-Ekonomik Forum kapsaminda, 2000-2011 yillar
arasinda katilimcilarin bagka hangi konular hakkinda endise duyduklarina dair agik uglu soruya verdikleri
yanitlar1 igeren 35.000 yazili yanit incelenmistir. Bulgularda 6ne ¢ikan konular; cocuklarm gelecegi, cocuklar,
gencler, okul, aile saghigi, yiikselen fiyatlar, zengin-fakir, Almanya’daki yabancilar, igsizlik, i bulma,
emeklilik ve ekonomik giivence, Almanya’nin gelisimi, kisilerarasi konular, ahlaki degerlerdeki diisiis,
politikacilar, politikadaki yozlasma ve savas ve teror olarak rapor edilmistir. Konularin zaman igindeki
degisimi incelendiginde ise savas ve teror ile fiyatlardaki artis konularinin 6zellikle uluslararasi savaslarin
yasandig1 yillarda (6r. Suriye’deki i¢ savag gibi) ve ekonomik kriz zamanlarinda yiikselise gecen konular
oldugu belirtilmistir. Bu 6rnek, nicel ve nitel veri analizlerinin bir arada kullanimimna bir 6rnek oldugu gibi,
genis katilimli arastirmalarda agik uglu sorulara verilen yanitlarin analizi i¢in elde yapilan kodlamalarin
smirliliklarinin 6tesine gegebilecek bir alternatif sunmasi agisindan onemli goriilebilir. Bagka bir ilging
arastirmada ise (Jayaratne & Jayatilleke, 2020) is basvurusu asamasinda adaylarin agik uglu sorulara verdikleri
yanitlar analiz edilerek HEXACO kisilik modeline gore hangi tipe girdikleri tespit edilmeye calisilmustir.
Caligma kapsaminda 46.000 is basvurusunda adaylarin ¢evrimigi yazisma botu kullanarak agik uglu sorulara
verdikleri yanitlarin yanm1 sira HEXACO kisilik modeline yonelik yanitladiklar1 bir 6lgme araci sonuglari
kullanilmistir. Is miilakatlar1 su gibi acik uglu sorular igermistir: “Sizi ne motive eder? Hangi konuda
tutkulusunuz? Herkes her zaman ayni fikirde olmayabilir. Sizinle ayni fikirde olmayan bir akraniniz, takim
arkadasiniz veya arkadasiniz oldu mu? Siz ne yaptiniz? Bir seyi basarmak i¢in elinizden gelenin daha fazlasini
yaptigmiz bir duruma &rnek verin. Bunu basarmak sizin i¢in neden Onemliydi? Bazen isler her zaman
planlandig1 gibi gitmez. Bir teslim tarihini veya kisisel taahhiidiiniizii yerine getiremediginiz bir zamani
anlatin. Ne yaptiniz? Bu size kendinizi nasil hissettirdi? Satista hizli diigsiinmek kritik 6nem tasir. Sizi bu
konuda nitelikli kilan nedir? Bir 6rnek verin.” Adaylarin bu sorulara verdikleri yanitlar makine 6grenmesine
dayali konu modelleme analizi (gizil dirichlet tahsisi) ile incelenmis ve modeller arasinda ortalama diizeyde
(r=0.39) bir korelasyon bulunmustur. Farkl kisilik modellerini tanimlayan terimlerin uygunluguna dair 117
goniillii katilimeinin geribildirimi ile teyit alinmistir. Bu ¢alismada, is miilakatlar1 esnasinda sosyal begenirlik
gibi unsurlardan etkilenebilen 6z bildirime dayali bireyi tanima teknikleri kullanmak yerine a¢ik uc¢lu miilakat
sorularina verilen yanitlarin konu modelleme analizleri yoluyla adaylarin kisilik tiplerini belirleme ve ise
uygunlugunu degerlendirmede kullanimi agisindan 6nemli bir ilerleme saglayabilecegine vurgu yapilmistir.

Psikolojik danisma ve ilgili alanyazindaki konu modellemesinin kullanildig1 arastirmalari siniflarken
arastirmanin amaci kadar arastirmada kullanilan veri kaynagina gore de bir siniflamaya gidilebilir. Buna gore,
(1) yayinlanmis akademik dokiimanlarin, (2) sosyal medya ve/veya internetteki (bloglar gibi) etkilegim igeren
site ve platformlardaki yazismalarin, yorumlarin ve paylagimlarin, (3) psikolojik danisma ve terapi
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transkriptlerinin ve (4) veri toplama araglarindaki acgik uglu sorulara verilen yazili yanitlarin kullanildigi
arastirmalar olarak bir siniflama yapmak miimkiindiir. Birinci gruptaki aragtirmalara yukarida ¢ok sayida 6rnek
verilmistir. Aragtirma makaleleri disindaki belgelerin nasil analiz edilebilecegine dair bagka bir 6rnek Ni vd.
(2023) tarafindan gergeklestirilen psikolojik ilk yardim konusunda yazilmis el kitaplarinin analiz edildigi
calisma verilebilir. Bu dogrultuda, Google’da “psikolojik ilk yardim,” “el kitab1,” “rehber,” “kilavuz” gibi
anahtar kelimelerle ulasilan farkli iilkelerdeki farkli kurum kuruluslar tarafindan Ingilizce dilinde yazilmis 14
el kitab1 konu modellemesi yoluyla analiz edilmistir. Bulgularda, miilteciler, oryantasyon aktiviteleri, toplum
temelli uygulamalar, post-travmatik stres bozuklugu ve diger psikolojik konular, egitim materyalleri, hizmet
verenlere 6zel yonergeler, psikolojik ilk yardim konusundaki burslar, ruh sagligi ve psikososyal destek ve
Avustralya’ya 6zgl hizmet modeli gibi konular raporlanmistir. Bu tarz analizler, benzer konularda el kitaplari,
uygulama pratikleri ya da modeller gelistirmede ya da var olanlar1 degerlendirmede iilkelere, kurum ya da
kuruluslara yol gosterici olabilir. Ayrica, konu ile ilgili ¢alisanlara uygulamalarini gozden gecirme firsati
sunabilir.

Ikinci gruptaki arastirmalara drnek olarak Seah ve Shim (2018) tarafindan, konu alanlarina gére cesitli
alt gruplarda bireylerin gonderiler paylasip yorumlar yaptig1 bir sosyal platform olan Reddit isimli web
sayfasinin, intihar ve depresyon ile ilgili Singapur alt grubundaki gonderi ve yorumlar1 konu modellemesi
ileanaliz edilen arastirma ele alinabilir. Caligmada 2010-2018 yillar1 arasinda depresyon ve intiharla ilgili
konularda yapilan 385 gonderi ve 21.000 yorum iizerinde analizler ger¢eklestirilmigtir. Sonuglara gore yagam
ve Oliime dair karar ve Otanazi, arkadaglik, sosyal destek ve iliskiler, okul yasami, beklentiler ve stres,
toplumsal goriisler, kariyer, stres ve zorluklar, daha genis bir diizeyde toplumdaki tutumlar, polise rapor edilen
vakalar, deneyimleri paylasma ve yorum yapma konusunda tesvikler, LGBT bireylerin kabulii ve inanglar,
intihar girisimleri, ailevi sorunlar, gecmis yasantilar ve anilar ve tedavi ve yardim arayis1 olmak tizere 14 konu
one ¢ikmistir. Bu arastirma, gérece daha rahat bir sekilde goriislerini paylasabilecekleri varsayilan bir sosyal
platformda yardima ihtiyact oldugu varsayilabilecek bireylerin depresyon ve intihar konusundaki
paylasimlarinda 6ne c¢ikan konularin belirlenmesi yoluyla bu konuda giiclik yasayan bireyler igin
gerceklestirilecek yardim g¢aligmalarinin hangi alanlari1 kapsayabilecegi konusunda da fikir verebilecegi gibi
depresyon ve intihar1 6nleme konusunda gergeklestirilebilecek calismalara da 1s1k tutabilir. Benzer sekilde,
Zhang vd. (2021) COVID-19 doneminde evden ¢alisma tutum ve deneyimleri daha iyi anlayabilmek i¢in 2020
yilinda Mart ve Haziran aylar1 arasinda Twitter’da “evden calisma”, “uzaktan calisma”, “telework” gibi
anahtar kelimeleri kullanarak taradiklari bir milyondan fazla tiviti konu modellemesi yoluyla analiz
etmislerdir. Sonuglarda 6ne ¢ikan konular, evden ¢aligma, siber giivenlik, ruh saghigi, is-yasam dengesi, takim
caligmasi ve liderlik gibi temalar1 igermistir. Bu sonuglar, ¢alisanlarin evden c¢aligma ile ilgili deneyimlerde
giicliik yasadiklar1 noktalar1 anlamak ve ihtiyaglarini belirlemek ayrica evden galismaya yonelik genel egilimi
ve tutuma dair fikir edinmek agisindan 6nemli goriilebilir. Bu grupta yer alabilecek ilgi ¢ekici diger bir
arastirmada (Carron-Arthur vd., 2016) ise ruh saghig: ile ilgili internetteki destek grubunda paylasilan
gonderiler konu modellemesi ile analiz edilmistir. Ancak bu arastirmada bu tarz platformlarda %75 oranindaki
gonderilerin ayni kisiler tarafindan yapildigina isaret edilerek bu kullanicilar siiper kullanicilar olarak
adlandirilmis ve konu modellemesi analizinde 6ne ¢ikan konularin siiper kullanicilar ile diger kullanicilara
gore degisim gosterip gostermedigi kay kare testi ile incelenmistir. Buna gore siiper kullanicilarin ebeveynlik
rolleri, ruh saglig1 ve pozitif degisim gibi konularda génderi yapma olasiligi yiiksek bulunurken, depresyon,
ilagla tedavi, terapi ve anksiyete konularinda daha az oldugu goriilmiis ancak 6ne ¢ikan yedi konudan besi
hakkinda gonderide bulunma olasiliklariin da yiiksek olduguna isaret edilmistir. Bu arastirma 6zellikle sosyal
medya ya da internet ortaminda ruh sagligi ile ilgili konularda gerceklestirilen gonderi ve paylasimlar iizerinde
gergeklestirilen konu analizlerinde, gonderi sayisi1 ya da siklig1 yerine siirekli gonderide bulunan %75’lik grup
ile diger gruplar arasindaki konu farkliliklarini incelemenin 6nemine isaret etmektedir. Bu baglamda ayni ya
da benzer yorumlarm siirekli ayni kisiler tarafindan yazilmasi durumunun o6ne ¢ikan konu alanlarini
sekillendirmedeki belirleyici roliiniin farkinda olarak daha detayli incelemeler yapma geregine isaret
etmektedir.

Uclincii gruptaki calismalara da benzer sekilde yukaridaki simiflama kapsaminda &rnekler verilmistir
(Bkz. Atzil-Slonim vd., 2019). Ek olarak, Atkins vd. (2012) digerlerinin, ¢ift ve aile terapisinde konu
modellemesi analizinin kullanimin1 6nerdikleri makale incelenebilir. Yazarlar, bu makalede, ciftlerle
gergeklestirilen deneysel bir ¢aligma kapsaminda elde edilen terapi transkriptlerinin konu modellemesi ile
analizini Ornekler iizerinden tanitmuslardir. Ornegin tiim transkriptler iizerinde gerceklestirdikleri konu
modellemesi analizi ile terapi siireci boyunca ciftler arasinda one ¢ikan konular1 ii¢ farkli modelde
sunmuslardir: igerik odakli konular (aile, is, para, cinsellik gibi), duygu odakli konular (6fke, iiziintii,
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incinmislik, ¢aba gibi) ve terapi ile ilgili konular (iletisim, problem ¢dzme, beyin firtinas1 gibi). Konu
modellemesi analizinin ayrica giftlerle gerceklestirilen terapi siireci boyunca oturumlarda 6ne ¢ikan
konulardaki degisimleri incelemek acisindan nasil kullamlabilecegini de Orneklendirmislerdir. Ornegin,
transkriptlerini inceledikleri bir ¢iftin terapi siirecinde iletisim odakli konularin bir blok seklinde 6ne ¢iktigi
goriiliirken dort ile sekizinci oturumlar bu konularin yaygmlhigmin arttigi ve bu oturumlardan sonra konu
odagmin problem ¢dzmeye dogru degistigi aktarilmigtir. Son olarak dordiincii grupta, yukarida drnekleri
verilen, 6l¢gme degerlendirme ve bireyi tanima kapsaminda ag¢ik u¢lu sorularin konu modellemesi ile analizini

iceren uygulamalar 6rnek gosterilebilir (Bkz. Finch vd., 2021; Rohrer vd., 2017).

Kullanilan konu modellemesi analizi yontemine gore de 1) egitilmis (supervised) konu modelleme, (2)
egitilmemis/serbest (unsupervised) konu modelleme ve (3) genis dil modellerine dayal liretken yapay zeka
kullanan arastirmalar olarak da bir simiflama yapilabilir. Bu makalede farkli konu modelleme analizi
yontemlerinden ziyade kullanim amacinin 6ne ¢ikarilmasi benimsendigi igin konu modellemesi analizlerinin
farkli amaglar i¢in nasil kullanildigi esas alinarak bir smiflama yapilmaya ¢alisilmistir. Bu noktada, konu
modellemesi analizinin psikolojik danisma ve ilgili ruh saglig1 alanyazininda ilgi cekici ve giin gectikce gelisen
bir kullanimi1 s6z konusu olsa da bu siirecte bazi sinirliliklarin ve etik konularin 6ne ¢iktig1 séylenebilir.

KONU MODELLEMESi ANALIZININ KULLANIMINDA SINIRLILIKLAR VE ETIiK
HUSUSLAR

llgili alanyazin incelendiginde konu modellemesi analizinin kullaniminda géz oniinde bulundurulmasi
gereken sinirliliklara isaret edildigi goriilmektedir (Banks vd., 2018; Bittermann & Fischer, 2018; Kobayashi
vd., 2018; Liu & Gao, 2021; Oh vd., 2017; Otsuka vd., 2021). ilk olarak, konu modellemesinin sonuglar1 konu
modellemesi analizine tabi tutulan veri setine oldukc¢a baghidir. Bu nedenle, psikolojik danigma alaninda
arastirma yaparken literatiiriin yeterince taranmis olup olmamasi, dahil edilme ve hari¢ tutulma gibi kriterler
belirlendiyse bunlarin neye gore belirlendigi ve hangi ¢alismalarin analize dahil edildigi, internet ortamindaki
paylasim ve gonderilerin sikli§i veya dogru olmama olasilig1 ya da yetersiz transkriptler gibi durumlardan
oldukca etkilenme olasiligi vardir. Verilerin kalitesinin sonuglar1 6nemli bir sekilde etkileyebilecegi goz
ontinde bulundurulmalidir. Konu modelleme analizi, dogru konu ve tema dagilimlar1 ortaya koyabilmek i¢in
genis bir veri setini gerekli kilmaktadir. Bu yiizden kii¢iik veri seti (6r., birka¢ danigma transkripti gibi) analiz
i¢in uygun olmayacaktir. Ozellikle yaymlanan makalelerin sadece 6zetlerini analiz etme yoluna giden konu
modellemesinde, bulgularin ortaya koydugu konular 6zetlerin sagladig bilgilerle siirli olacaktir.

Ayrica konu modellemesi analizinde sistemi egitmek i¢in kullanilan mevcut siniflandirma sistemlerinin
kullanilmasi, arastirilan alandaki son konular1 ya da 6ne ¢ikan konular1 belirlemede yetersiz ve eksik kalabilir.
Veri setinin biiylikliiglinden bagimsiz olarak, konu modellemesi analizi sonuglarinda bazen bir konunun
kapsadigi terimler birden fazla temay1 yansitabilir ve bu durum tutarhilik ve biitiinliik agisindan soru isaretleri
olusturabilir. Konu modellemesi analizinden elde edilen bulgularin gecerligini saglamak icin belirli 6lgttlerin
belirlenmesi, veri analizinde cesitlemeye gitme, uzman gorlisine basvurma gibi g¢esitli stratejilerin
belirlenmesi 6nerilmektedir. Bu noktada bu veri analizi yonteminin kendisinden kaynakli bir diger sinirlilik
ise surecin oldukga teknolojiye bagimli olmasidir. Arastirmacilar sadece makine 6grenmesinin ortaya koydugu
bulgulara bagl kaldiklarinda, daha genis bir perspektiften ve elestirel bir sekilde konuya yaklagsmaktan
uzaklasabilirler. Ayrica, teknolojiye bagli bir veri analizi yontemi olmasi veri madenciligi analizlerine dair bir
uzmanliga sahip olmay1 gerekli kilmaktadir, bu durum da psikolojik danisma oturumlarina dair transkriptlerin
yorumlanarak psikolojik danigma siirecini ve sonuglarini degerlendirme ya da bir kurumda ¢alisan ihtiya¢larini
ya da geri bildirimlerini degerlendirme gibi amaglarla konu modellemesinin kullaniminda bu yontemlere
hakim olmayan uygulayicilar agisindan bir sinirlilik getirmektedir.

Bulgularla ile ilgili olas1 diger bir smirlilik ise, konu modellemesi analizi ile, 6zellikle psikolojik
danigsma transkriptleri ya da sosyal paylasim sitelerindeki gonderiler analiz edildiginde, baglami
degerlendirme, niianslar1 fark etme ve bireysel deneyimlerdeki karmasikligi tam olarak kapsayamama
olasiligidir. Dolayisiyla konu modellemesi analizi, metin i¢eren verideki temalar1 ve Oriintiileri ortaya
¢ikarabilirken bu verinin elde edildigi baglami ve psikolojik olgularin karmasikligini tam yansitmayabilir. Bir
baska sinirlilik bulgularin yorumlanmasi ile ilgilidir. Bulgularin ortaya koydugu konular ve konular altinda
temsil edilen terimlerin yorumlanmasi aragtirmacilar tarafindan yapilmaktadir. Bu durum ise arastirmacilarn
kisisel goriisleri, yargilar1 ya da onyargilar1 gibi 6znel siireglerden etkilenme riski tagimaktadir. Bu nedenle,
bulgular yorumlanirken dikkatli bir inceleme ve degerlendirme gerektirmektedir. Son olarak, 6zellikle
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psikolojik danigma transkriptlerinin kullanildigi konu modellemesi analizlerinde bulgularin sadece incelenen
baglamla ilgili konular ve Oriintiiler ortaya koyma olasiligi vardir. Bu nedenle bu bulgularin daha genis bir
psikolojik danigma baglamina ya da diger gruplara genellenebilirliginde sinirlilik igerecektir.

Bu sinirhiliklara yonelik bir 6nlem olarak, psikoloji, psikolojik danismanlik ve rehberlik gibi insan odakl
arastirmalar iceren alanlarda konu modellemesi analizine dayali uygulamalarin ve aragtirmalarin planlanmast
siirecindeetik konularin hem alanin kendi etik ilkeleri g¢ercevesinde hem de yayin etigi cergevesinde
disiiniilmesi Onerilebilir. Bu dogrultuda, arastirmacilar, ilk olarak, kullanilan veri kaynaklari ister akademik
makaleler, raporlar ya da dokiimanlar gibi g¢esitli yaymlar olsun ister sosyal medya ve internetteki gesitli
paylasim platformlarindan elde edilen paylasimlar ve gonderiler olsun, toplanan igeriklerin 6nyargisiz, tarafsiz,
adil bir temsil saglayacak sekilde bir araya getirildiginden emin olmalidirlar. Bu adim, analizler sonucunda
ortaya c¢ikacak konularin igeriklerini, sikliklarini, dagilimlarimi vb. sekillendirecek bir O6neme sahiptir.
Dolayisiyla bu igslemden etkilenecek bulgularin, konuya iliskin tespit ya da saptamalarda ve uygulamaya
yonelik igeriklerin olusturulmasinda kritik 6neme sahip olacagi hatirlanmalidir. Akabinde, bulgularin
yorumlanmasinda seffaflik esas alinmali; veri analizi yontemindeki olast smirliliklarin ve analiz siirecinde
arastirmacinin roliiniin ve durugunun (konuya olan ilgisi, olas1 onyargilar1 gibi) acik bir sekilde aktarilmasi
g0z onilinde bulundurulmalidir. Ayrica, arastirmanin arastirilmaya deger olup olmadigi, arastirma bulgularinin
belirli gruplar, bireyler ya da toplumlar iizerindeki etkileri géz oniinde bulundurulmalidir. Ornegin, spesifik
olarak bir grubu (6r., LGBTI bireyleri) ya da toplumu etiketleme potansiyeli igeren konularin (6r., tagidiklar
hastaliklar ya da ruh saglig1 problemleri gibi) ortaya ¢ikarilmasinin ya da arastirmanin bu gibi yorumlara neden
olabilecek sekilde tasarlanmasinin toplumsal yararlilik ilkesi ile ortiismeyecegi hatirlanmalidir. Daniganlara
ait daha 6zel veri kaynaklarimin (transkriptler gibi) kullanilmas1 durumunda bilgilendirilmis onam alinmasi,
katilmcilarin  gizliliginin saglanmasi, damiganlart ya da bir grubu yansitacak tanimlayici bilgilerin
transkriptlerden ¢ikarildigindan emin olunmasi ve mahremiyetin saglanmasi ve son olarak tiim veri kaynaklar1
icin veri glivenliginin saglanmasi gibi sorumlu bir kullanim son derece 6nem arz etmektedir.

SONUC VE GELECEK ARASTIRMALAR iCIN ONERILER

Psikolojik danigsma alaninda veri analizi yontemi olarak konu modellemesi kullanan arastirmalar,
bulgular agisindan kuramsal temellere, arastirma ve uygulamaya yonelik énemli katkilar sunma potansiyeli
barindirmaktadir. Oncelikle, yukarida verilen érneklerde oldugu gibi, psikolojik danisma alanindaki énemli
gelismeler, yiikselen egilimler, arastirma ve uygulamanmin yogunlastigi alanlar konu modellemesi yoluyla
analiz edilebilir. Bu inceleme, konu dagilimina bakilarak durum saptamasi yapilmasina, incelenen konunun
cesitli boyutlarinin daha iyi anlasilmasina, uygulamalarda hangi bilesenlere yer verilmeli konusunun
degerlendirilmesine ve var olan uygulamalarin ve politikalarin gézden gecirilmesine katki saglayabilir. Bu
konuda, su ana kadar yapilan aragtirmalara bakildiginda okul psikolojik danismanligi, kariyer psikolojik
danismanhig1 ve aile ve evlilik danismanlig1 alaninda bu arastirmalarin olduk¢a az oldugu goriilmektedir.
Ornegin evlilik doyumu ile ilgili arastirmalardaki trend konularin ortaya ¢ikarilmasi, konu dagilimlarmin yillar
icindeki degisimlerine bakilmasi, bosanma oranlari ile karsilagtirilmasi gibi arastirmalar bu konuda yapilacak
onleyici ve destekleyici calismalara anlamli girdiler saglayabilecektir. Veri madenciligine dayanan bu analiz
tim dinyadaki arastirmalar1 ele alarak yapilabilecegi gibi sadece iilkemizdeki aragtirmalar &zelinde
incelenerek daha yerel ve kiiltiire duyarli bulgularla uygulamaya yo6nelik daha spesifik sonuglara ulasilabilir.
Benzer sekilde, is doyumu, orgiitsel baglilik, mesleki tiikenmislik gibi konularda yapilacak arastirmalar,
kariyer psikolojik danigmanlig1 alanina 6nemli katkilar saglayabilir. Bu aragtirmalardan elde edilen bulgular ig
verimliligini degerlendirmek ve ekonomik gelisimi desteklemek agisindan mevcut isleyislerin gdzden
gecirilmesine ve politikalar gelistirilmesine katki saglayabilir. Daha spesifik konulara odaklanilarak da konu
modellemesi analizi gerceklestirilebilir. Ornegin, Karacan-Ozdemir vd. (incelemede) STEM Kariyerlerinde
basarili olabilmek icin gerekli olan becerileri konu modellemesi analizi ile incelemislerdir. Bu arastirmanin
bulgulari, 6grencilerin STEM Kkariyer gelisimlerini desteklemeye yonelik programlarin tasarlanmasina ve var
olan programlarin degerlendirilmesine yonelik katkilar sunabilecektir. Benzer sekilde, iilkemizde okul
psikolojik danismanligi alaninda giiniimiize kadar yapilan tiim arastirmalar konu modellemesi ile incelenebilir
ve yillar igindeki konu dagilimlarindaki degisimler, toplumsal krizler, gelismeler ve degisimler 1s1ginda
yorumlanarak gelecege yonelik ¢ikarimlar yapilabilir ve bu dogrultuda kapsamli gelisimsel rehberlik
programlarinin tasarimina yonelik 6nemli girdiler saglanabilir. Daha spesifik bir 6neri olarak, okullarda krize
miidahale ile ilgili hazirlanmis el kitaplar1 ve uygulayici kilavuzlari konu modellemesi ile analiz edilebilir ve
one ¢ikan konu dagilimlarina gore iilkemizdeki yaygin olarak kullanilan krize miidahale programlarinin
icerikleri gozden gegirilebilir.
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Konu modellemesi ayn1 zamanda agagidan yukariya dogru bir yaklagimla psikolojik danisma alanindaki
arastirma egilimlerini ortaya koymak ve gelismekte olan psikolojik arastirmalara dair glindemi yakalamak igin
kullanilabilir (Bittermann & Fisher, 2018). Ayrica, sistematik literatiir taramasi ¢aligmalarina entegre edilebilir
ve bu yolla literatiir tarama ¢aligmalar1 genisletilebilir (Bittermann ve Fisher, 2018; Chen & Wojcik, 2016).
Bulgular, yeni arastirmalarin tasarlanmasinda arastirmacilara yol gosterebilir. Ayrica, hangi konu alanlarmin
daha giindemde oldugu ve one c¢iktig1, hangi konu alanlarmin ise ihmal edildigi gibi noktalara dair
farkindaliklar saglanabilir. Dahasi, yeni arastirma sorularinin ve hipotezlerin gelistirilmesine katki saglayabilir
(Chen & Wojcik, 2016).

Konu modellemesi analizinin potansiyel kullanim alanlarina yonelik gelecek arastirmalar i¢in bir diger
Oneri, yukarida verilen Orneklerde oldugu gibi, Facebook paylasimlari, tivitler gibi sosyal medya ve
internetteki génderi, paylasim ve geribildirimlerin incelenmesine yoneliktir (Banks vd., 2018). Bu dogrultuda
yapilacak arastirmalarda da psikolojik danisma ve rehberlik alani agisindan oldukga yiiksek potansiyeller
bulunmaktadir. Ornegin, bilgisayar oyunlar ile ilgili spesifik internet sitelerinde ve platformlardaki yorumlar
ve gonderileri konu analizi ile incelemek ve dahasi yas gruplarina gore konulardaki degisimleri ortaya
cikarmak bilgisayar oyunlarina yonelik bagimligi anlamak, agiklamak ve farkli yonleri ile degerlendirmek
acisindan anlamli katkilar saglayabilir. Bulgular, 6ngoriilemeyen risk faktorlerini degerlendirmede, (¢ocuklar,
ergenler ve yetiskinler gibi) farkl gelisim donemlerine 6zgii bilgisayar bagimlilig1 egilimlerini belirlemede ve
bu dogrultuda yardim siireglerini planlamada ya da var olanlar1 degerlendirmede 6nemli girdiler sunabilecektir.
Benzer sekilde, yiikselen bir sorun olan kumar bagimliligini anlamaya yonelik iddia sitelerindeki kullanici
yorumlarini ve gonderilerini konu analizi ile incelemek bu konuda yapilacak ¢aligmalar agisindan 6nemli
katkilar saglayabilecektir.

Psikolojik danisma ve rehberlikte konu modellemesi analizi, kiiltiirlerarasi arastirmalar acisindan da
oldukca zengin ve i¢gdrii saglayici bulgular iiretebilme potansiyeli tagimaktadir. Bu aragtirmalar, farkli
kiiltiirlerde hangi konularin 6ne ¢iktiginin ve kiiltiire gore ne gibi farkliliklarin olustugunun anlasilmasina katki
saglamasi ve kiiltiire duyarli uygulamalar gelistirilmesi agisindan anlamli katkilar saglayabilir (Liu ve Gao,
2021). Ornegin, Otsuka vd. (2021), psikolojik arastirmalarda hangi konularin evrensel oldugunu, hangi
konularm ise farkli cografi bolgelere ve tarihsel siire¢ iginde nasil degistigini incelemiglerdir. Ana bulgular
arasinda psikolojideki arastirma faaliyetlerinin ve egilimlerinin hem cografi bdlgelerden hem de zaman
egilimlerinden giiclii bir sekilde etkilendigini rapor etmislerdir. Buna gore, klinik arastirmalarla ilgili konularin
Avrupa'da Kuzey-Orta Amerika'dan daha yiiksek oranda oldugunu ortaya koymuslardir. Kiiltiirler arasi
arastirmaya bir bagka 6rnek, bu makalenin yazarinin da i¢inde bulundugu sosyal duygusal 6grenme becerileri
konusunda arastirma yapan ¢ok kiiltiirlii bir arastirma grubunun ¢alismalari verilebilir. Arastirma ekibi, karar
verme becerilerinde hem evrensel olan temalar1 hem de kiiltiire gore degisen temalar1 ortaya ¢ikarmak igin,
egitimcilerden toplanan nitel verileri konu modellemesi ile analiz etmislerdir. Onciil bulgular arasinda,
Tiirkiye’de, one ¢ikan temalar ve terimler arasinda diger kiiltiirlerden farkli olarak duygu ifadelerinin (6fke,
baski hissetme gibi) 6ne ¢iktig1 goriilmiistiir (Kanzaki vd., incelemede). Bu 6rneklerde oldugu gibi, psikolojik
danigsma ve rehberlik alaninda bulgular1 anlaml katkilar saglayacak pek ¢ok konu, konu modellemesi analizi
ile incelenebilir. Ornegin, psikolojik danisma siirecinin etkililigini belirleyen unsurlar, terapétik iliskide one
¢ikan konular, etkili bulunan psikolojik danigsma yontem ve yaklasimlari, danisanlarin psikolojik danigma
surecini yarida birakma ve terk etme durumlarinda 6ne ¢ikan temalar gibi konular, konu modellemesi ile
incelenebilir ve hem evrensel temalar hem de kiiltiire 6zgii konular ortaya konabilir. Boylece, Bati odakli
psikolojik danigma kuram ve yaklagimlarinin kiiltiire 6zgii uygulanmasina yonelik anlamli iggoriiler
kazanilabilir. Bu 6rnekleri ¢ogaltmak miimkiindiir.

Konu modellemesinin psikolojik danismada bir diger kullanim alani, 6l¢gme ve degerlendirmeye yonelik
uygulamalar dahilinde olabilir. Konu modellemesi, Ontest ve sontest arasinda konularda ¢ikan farkliliklart
incelemek yoluyla psikolojik danigma ve rehberlik uygulamalarinin etkililigini degerlendirmede kullanilabilir
(Liu & Gao, 2021). Ornegin, okullarda uygulanan gelisimsel sinif rehberligi programlari, akran zorbalig
programlari, psikolojik saglamlikla ilgili programlar gibi uygulamalarm etkililigini degerlendirmede
uygulayicilardan ve/veya yararlanicilardan alinacak geribildirimlerde 6ne ¢ikan konu dagilimlari incelenebilir.
Bu degerlendirmeler, mevcut programlarin etkililigine dair saglayacagi bilgilerin yani sira programlarin
iyilestirilmesinde ve gelecek programlarin gelistirilmesinde anlaml girdiler saglayabilir. Benzer sekilde,
ornegin iilke ¢capinda uygulanan okul temelli programlarin degerlendirilmesinden elde edilen bulgular, bu
konularla ilgili politikalarin gelistirilmesinde 6nemli katkilar saglayabilir (Oh vd., 2017). Bir bagka 6rnek
olarak, okul psikolojik danigsmanlig1 ¢alismalar1 kapsaminda, 6grencilerin gizlilik ve mahremiyet agisindan
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anonimligi saglanmis otobiyografilerinin ya da uygulanan cesitli anketlerde yer alan agik uglu sorulara
verdikleri yanitlarin konu modellemesi ile analiz edilmesi olabilir. Boylece, okuldaki ihtiyaglar ve sorun
alanlarmin belirlenmesine yonelik 6nemli bulgulara erigilebilir. Ayrica, 6grencilerin otobiyografilerindeki
temalarin yillara gore degisimini incelemeye yonelik boylamsal arastirmalar, gelisimsel ihtiyaglar ve
farkliliklarin anlagilmasina katki saglayabilir. Benzer sekilde, geriye donuk olarak, ayni diizeydeki (6rn., 7.
smif diizeyinde) 6grenci otobiyografileri analiz edilerek yillar ilerledikge ayni yas grubunda one ¢ikan
temalarda degisimler var mi, varsa ne yone dogru gibi incelemeler yapilabilir ve gelecege yonelik kestirimlerde
bulunulabilir. Kariyer psikolojik danismanligi ve orgiitsel psikoloji alanlarinda kullanimina 6rnek olarak, bir
kurumdaki ¢alisan memnuniyeti ya da geribildirimlerinin, yillik raporlar, stratejik planlar, toplanti tutanaklar
gibi kurumsal dokiimanlarin konu analizi ile incelenmesi verilebilir. Buradan elde edilecek sonuclar,
kurumlara, ¢alisan ihtiyaglarmi degerlendirmede ve gelisim alanlarmi belirlemede oldugu kadar kurumun
giiclii ve zay1f yonlerini degerlendirmede de fayda sunabilir (Banks vd., 2018).

Konu modellemesi psikolojik danigman egitiminin gelistirilmesinde de kullanilabilir. Yukaridaki
orneklerde ve Onerilerde detaylandirildig izere, psikolojik danigma ve rehberlik alanindaki arastirmalarin ve
konularin konu modellemesi analizi ile incelenmesi sonucu 6ne ¢ikan konular, psikolojik danigman egitiminde
kullanilan miifredatin gbzden gegirilmesinde ve ele alinmayan, gézden kacan konularin olmast durumunda
programlarin bu dogrultuda gilincellenmesinde kullanilabilir. Bu, psikolojik danigman egitiminin guncel
arastirma egilimleri ve iyi uygulamalarla uyumlu olacak sekilde yapilandirilmasma yardime1 olabilir (Oh vd.,
2017). Ornegin, etkili psikolojik danisma yaklasimlari ve uygulamalarinda &ne ¢ikan konularin belirlenmesi,
terapdtik iliskinin kiiltiire 6zgii belirleyicilerinin ortaya konmasi gibi aragtirma bulgular1 psikolojik danisma
uygulamalari derslerinde ele alinabilir ve 6grencilere bu ders kapsaminda verilen siipervizyon siireclerinde g6z
oniinde bulundurulabilir. Ote yandan, gelecek arastirmalarda, su ana kadar verilen tiim oOnerilerde one
cikabilecek etik konular ve gereklilikler de géz onilinde bulundurarak, konu modellemesinin psikolojik
danigsma ve rehberlikte kullanimina dair etik ilkeler ve standartlar olusturulabilir (Liu & Gao, 2021).

Konu modellemesinin, dncesinde deginildigi gibi, bir veri analizi yontemi olarak simirhiliklart gz
oniinde bulunduruldugunda diger veri analizi yontemleriyle entegre edilerek kullanilmasi ya da farkli konu
modellemesi analizlerinin harmanlanarak kullanilmas1 yéniinde nerilerde bulunulabilir. Ilk olarak, psikolojik
danisma ve rehberlik alaninda konu modellemesi analizi, nitel arastirma desenlerinden gomiilii desen
kapsaminda gerceklestirilebilir (Banks vd., 2018) ve/veya nitel veri analizi yontemlerinden igerik analizi ya
da duygu analizi gibi yontemlerle (Kobayashi vd., 2018) bir arada kullanilarak gerceklestirilebilir.

Psikolojik danigsma ve rehberlikte ne ¢ikan konulari belirlemeye yonelik arastirmalarda (6rn., Oh vd.,
2017) oldugu gibi, tarihsel siire¢ i¢inde konularin degisiminin incelenmesi ve bu incelemelerde konu
yapilarmin degisken dogasii yakalanmasi ve daha incelikli bir anlayis kazanilmasi i¢in dinamik konu
modellemesi gibi daha gelismis konu modellemesi analizleri yapilabilir (Kobayashi vd., 2018). Ayrica, konu
modellemesinin boylamsal veriler ve ag verileri gibi daha karmasik verilerin islenebilecegi sekilde
gelistirilmesi yoniinde ¢alismalar yapilabilir (Otsuka vd., 2021). Dahasi, kelime gomme ve derin 6grenme gibi
noral olasilik yontemlerinin gelistirilmesi yoniinde ¢alismalar hizlandirilabilir (Banks vd., 2018). Gelecekteki
aragtirmalar, metin analizinin Otesinde, konu modellemesinin uygulanabilirligini genisletmek ve analitik
derinligi artirmak i¢in ses ve video gibi alternatif veri kaynaklariyla entegrasyonunu kesfedebilir (Kobayashi
ve ark., 2018). Son olarak, smirliliklar bagligi altinda belirtildigi iizere, konu modellemesi analizi ile ortaya
konan sonuglarin gegerliginin degerlendirilmesinde dogrulanmis konu modellerinin gelistirilmesi yoniinde
calismalar yaplabilir; konu modellerinin kalitesini degerlendirmek icin belirlenmig kriterlerin kullanilarak
ortaya konan konularin dogrulanmasi yoniinde standartlagtirilmig prosediirler gelistirilebilir (Otsuka vd.,
2021).

Sonug

Bu makalede, hizli teknolojik gelismeler altinda makine 6grenmesine dayali metin madenciligi veri
analizi yontemlerinden biri olan konu modellemesinin psikolojik danigsma ve rehberlik alaninda kullanimi ele
almmistir. Konuyla ilgili yapilan ¢caligmalarin sinirh oldugu ancak psikolojik danigma ve rehberlikte kullanim
alani agisindan oldukga zengin potansiyeller tagidig1 sdylenebilir. Ozellikle, psikolojik danigma ve rehberligin
farkli uzmanlik alanlar1 altinda gerceklestirilecek nitel arastirmalar kapsaminda gerceklestirilecek konu
modellemesi analizleri, bulgular1 agisindan kuramsal bilgi birikimine, arastirmaya, uygulamaya ve ilgili
konular yoniinde politikalar gelistirilmesine yonelik saglayacagi girdilerle alanin gelisimine 6nemli katkilar
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saglayabilir. Bu baglamda, veri analizi yontemin kendisinden kaynaklanan smirliliklar kadar arastirma
stirecinin dogasina yonelik simirliliklar ve konuya iligkin etik hususlar g6z 6niinde bulundurularak, psikolojik
danisma ve rehberlik alaninin gelisimine yonelik katki saglayabilecek arastirmalarm yapilmasina ihtiyag
duyulmaktadir.
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INTRODUCTION

Text mining is a promising analytical approach that can effectively leverage the detailed information
inherent in large qualitative datasets. It is defined as the process of extracting knowledge from previously
unknown and inaccessible textual data (Buenano-Fernandez et al., 2020). This technique enables the
identification of patterns, correlations, and insights from textual sources.

Despite technology's ability to accelerate data collection and enable the gathering of multidimensional
information from larger sample sizes, there is a noticeable lack of studies that utilize and analyze large textual
datasets. One of the reasons for this deficiency is that manual qualitative coding is expensive, laborious, and
time-consuming (Feinerer & Wild, 2007). Additionally, the current qualitative data analysis tools (e.g., NVivo,
MaxgDa) do not possess sufficient capabilities to allow researchers to easily code text data from large samples
(Longo, 2020). Furthermore, examining each individual interpretation when analyzing large textual datasets
continues to be a considerable challenge (Balahadia et al. 2016).

Recently, machine learning-based text analytics techniques have emerged that can help overcome
these issues and minimize the time and labor demands of qualitative data analysis, allowing researchers to
cost-effectively utilize large-scale written text data in their findings. This method has been developed to
manage large datasets that are impractical to analyze through manual coding (Hopkins & King, 2010). One
such approach is topic modeling analysis.

Topic modeling is a text mining research field focused on determining the fundamental semantic
structure of textual documents. Topic modeling provides a framework of unsupervised machine learning
algorithms that can extract meaningful information from the unstructured data structures created by large-scale
documents (Kandula et al. 2011). Supervised and unsupervised learning methods are two general approaches
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in machine learning. Unsupervised algorithms can identify patterns or topics without any prior information,
by exploring the data. Like thematic analysis, unsupervised algorithms identify word clusters and topics
emerging from the data, but human insight is still crucial to aid the interpretation of the resulting topics. Topic
modeling leverages the advantages of both thematic analysis and machine learning.

By utilizing topic modeling techniques, large volumes of unstructured textual documents can be
automatically searched, organized, and summarized. Topic modeling is like factor analysis in the way it
reduces documents into various dimensions referred to as topics. There are different methods of topic
modeling, including structural topic modeling, which allows for the inclusion of covariates or attributes in the
topic modeling process. Structural topic modeling employs a regression framework to understand whether
these shared variables influence the specific topics present in the documents (Roberts et al., 2014). In this
sense, structural topic modeling adds further depth to the insights derived from the text by accounting for how
the text varies in relation to the included covariates. While topic modeling and structural topic modeling have
limitations in capturing low-prevalence topics compared to traditional qualitative text analysis, this paper
focuses on topic modeling analysis as one of the data mining techniques (Baumer et al., 2017). For instance,
Latent Dirichlet Allocation can be provided as an example of a topic modeling method.

Latent Dirichlet Allocation

The goal of topic modeling is to facilitate a better understanding of phenomena in written texts by
grouping together frequently co-occurring words that define a topic. While there are various topic modeling
approaches, one of the original topic models, Latent Dirichlet Allocation (LDA), was first introduced to the
literature by Blei and colleagues in 2003 (Blei et al., 2003). Blei (2012) defines topic modeling as statistical
methods that analyze the words in original texts to discover the themes within the texts, how these themes are
interrelated, and how they evolve over time.

The dataset to be modeled using LDA is referred to as a corpus, with each element within the corpus
considered a document. The LDA method involves determining the topic distribution for each document and
the word distribution for each topic. As a completely unsupervised algorithm, LDA operates based on the
bag-of-words approach, which examines the co-occurrence of words without considering their position
within the document, and does not require any prior knowledge (Blei, 2012).

LDA is a statistical technique that identifies latent topics embedded within a collection of documents,
based on the premise that words belonging to the same topic are more likely to co-occur within the same
document (Wang et al., 2018). The topic of a document is naturally related to the words it contains. The words
in a document implicitly represent the main topic(s) of the document. These words will form the word group
associated with their respective topics. For instance, in a psychology-related topic, words such as emotions,
cognitions, and behaviors may emerge, while in a measurement and evaluation-related topic, words like scale,
assessment, and development may be found. There may even be a common word like scale across both topics.
The larger the set of documents, the more challenging it becomes to determine which words belong to which
topic group.

Let us briefly review the two fundamental principles of the model. The first principle is that each
document is a mixture of topics, and the second principle is that each topic is a mixture of words. Each
document can contain words from diverse topics in different proportions. For example, consider two topic
models examining health-related and economy-related posts on a social media platform. Document_1 may
consist of 90% health-related content and 10% economy-related content, while Document_2 may contain 30%
health-related content and 70% economy-related content. In the health-related topic, the most familiar words
may be psychology, therapy, and depression, while the economy-related topic may comprise words like
budget, inflation, and raise. Importantly, words can be shared across topics; a word like 'budget' may be equally
prevalent in both topics.
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LDA is a statistical technique that assumes each document (D) consisting of a few words (N) can
represent a Dirichlet probability distribution of latent topics. The Dirichlet distribution used to allocate words
in the document to different topics is named after the LDA generative process (Blei, 2012). In the LDA
algorithm, topics are a mixture of words, and documents are a mixture of topics, resulting in a three-layered
hierarchical structure. LDA calculates the probability of a topic occurring in a document, allowing the
identification of topics across the entire corpus.

LDA converts documents into a document-word matrix as shown in Figure I. Figure | shows documents
D1, D2, D3, D4, D5, topics K1, K2, K3, K4, K5 and words W1, W2, W3, W4, W5, W6, W7, W8. The
document-word matrix is a statistical representation describing the frequency of words occurring in a corpus.
This matrix is divided into two sub-matrices: the document-topic matrix, which contains the possible topics in
the documents, and the topic-word matrix, which contains the words contained in the possible topics. These
matrices already provide the topic-word and document-topic distributions. However, the main goal of the LDA
algorithm is to improve the distribution of this data. LDA uses sampling technigues to improve these matrices.
Once the data is represented based on matrices, words are converted into vectors (Blei, 2012).

Figure 1
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LDA assumes that the corpus of documents is generated by latent probabilistic variables that can be
understood as topics. The LDA algorithm applies a Bayesian hierarchical mixture model that exploits co-
occurrence between words to identify topics. LDA uses generative probabilistic modeling. This generative
process defines a joint probability conditional distribution over both observed and latent random variables.
This conditional distribution is also called the posterior distribution. LDA uses the Gibbs sampling algorithm
to generate the posterior distribution (Blei, 2012). For a better understanding of the GDA model, a graphical
representation is given in Figure 2.
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Figure 2

A Graphical Representation of LDA
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In Figure 2, the parameters o (document-topic density) and B (topic-word density) are link parameters
that are sampled once during processing. Higher values of o mean that documents are composed of a mixture
of more topics, while higher values of  mean that a topic is composed of more words. A low or high value of
o is related to the number of topics the documents contain. In summary, a high a parameter indicates similarity
of documents, while a high B parameter indicates similarity of topics.

In Figure 2, Wy, represents the nth word in document d, zd,n represents the topic assignment for the
nth word in document d, and 84k represents the proportion of k topics in document d. Bk, 04k, Za.n represent the
values obtained as a result of processing the previously unknown and wd,n the known variable. 84y is drawn
from the distribution of the parameter a ( 84x~ dir(a)). The number of topics K and the associated distribution
of the parameter o and the dimensionality of the topic variable z are taken as priori and assumed to be constant.
Note that a proportion is estimated for each of the K topics within each document; however, these estimated
proportions can be quite small (e.g., 0.001) (Nowlin, 2015). This indicates that the topic is not common within
that document. The standard Dirichlet prior to the parameter a is S0/K (Griffiths & Steyvers, 2004).

Figure 2 shows that the model specifies a series of dependencies. For example, the topic assignment Zq
depends on the rate of topics per document 64. As another example, the observed word Wg,, depends on the
topic assignment Zg,, and all topics P1. «. (Operationally, this term is defined by looking at which topic Zgn
refers to and the probability of Wy, within that topic). These dependencies define the LDA. They are encoded
in the statistical assumptions behind the production process in the specific mathematical form of the joint
distribution (Blei, 2012). The joint probability distribution is then used to calculate the conditional or posterior
distribution of latent variables given the observed variables, according to Bayes' rule (Blei, 2012). This joint
distribution uses the following equation to calculate the posterior distribution of topic probabilities for each
document:

p(0, z, wla, )
p(w|a,B)

p6.z|w,apB) =

In the equation, the numerator is the joint distribution of all random variables, and the denominator is
the probability of obtaining the observed corpus under any topic model. These probabilities can be summed
over all topic structures, but this becomes difficult to calculate given the considerable number of topic
structures. Therefore, this sum must be approximated using sampling-based or variational approaches (Blei,
2012). In the LDA algorithm, Gibbs sampling is used to estimate the posterior distribution (Griffiths &
Steyvers, 2004).
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As mentioned before, the LDA algorithm first constructs document-word matrices. Based on this, it
conceptualizes each word in a document as a sequence of N words (Blei, 2012). Then a few of the k topics in
the Dirichlet distribution are selected. The word 'w; belonging to a topic' is added to the document. After the
addition of w;, a topic is selected according to the probability distribution. Assuming a set of documents is
obtained this way, the following steps are followed to detect k topics and their words with Gibbs sampling in
the LDA algorithm.

1. For each document, each word in the document is randomly assigned to one of the K topics.

Each document is reviewed and each word in the document is randomly assigned to one of the K
topics. For each document d, each word w is reviewed. For a given document d, we try to determine how many
words belong to topic t. If many words in d belong to topic t, there is a higher probability that word w belongs
to topic t. Attempt to determine how many documents are on topic t because of word w.

2. This random assignment yields word distributions of both all documents and all topics.

LDA represents documents as a mixture of topics. Similarly, a topic is a mixture of words. If the
probability of a word being in a topic is high, all documents with the word w will be more strongly associated
with topic t. Similarly, if the probability of a word w being in topic t is very low, then documents containing
the word w will have a very low probability of being in topic t, because the rest of the words in document d
will belong to another topic and hence d will have a higher probability for those topics. So, even if the word w
is added to topic t, it will not bring many such documents to topic t.

3. Assignments for each document are optimized.
In the third stage, two proportions are calculated for each topic t.
p (topic t | document d) = the proportion of words in document d that are currently assigned to topic
t, and
p (word w | topic t) = proportion of assignments to topic t over all documents from this word w.

Based on the product of the two calculated rates, i.e., the probability that topic t produces the word w,
the word w is assigned to a new topic. When the third step is repeated many times, a state is reached where the
topic assignments are stable. Thus, with these assignments, the topic probabilities contained in each document
and the words belonging to each topic are obtained with the number of repetitions. While explaining the LDA
algorithm, the work's mathematical logic is explained without detailed calculations such as the use of priors in
probability calculations, as it is thought that this work will not appeal to this study's readership.

In the initial and provisional stage, words are assigned to topics, but the number of topics must be
determined by the researcher. In the creation of the word-topic matrix by assigning words to topics, it is
allowed for words to be used for different topics and for similar words to be clustered. In the word-topic
matrix of the LDA algorithm, the words representing the topics are evaluated according to probabilities, and
each word can be present in multiple topics. Also, the LDA model assumes that the words occurring in the
documents carry important semantic information and that a set of documents on a similar topic will contain
the same set of words. Based on this idea, latent topics find a group of words that frequently appear in the
documents. The words with the highest probability within a topic facilitate interpretation of its meaning. As
shown in Figure 1, the LDA algorithm models a corpus consisting of various documents by creating a
document-topic and word-topic matrix. With the help of these matrices, useful information is extracted using
the words and their weights, and in this context, topics can be identified. The topic assignment of a document
not used in the modeling can also be made using these matrices. The output of LDA consists of keyword
groups, each belonging to a specific topic category. These keyword groups are then labeled with unique topic
titles. Therefore, the output represents a list of topics from 1 to M, each with a keyword group from 1 to N.
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Methodological Issues

A topic modeling study consists of several stages. However, these stages are not independent of each
other; some stages are intertwined. As with all research, topic modeling should begin with the formulation of
hypotheses and research questions. Questions that are most appropriate for topic modeling are those in which
it is interesting to understand the hidden variables underlying a set of texts. The second stage is data collection.
This involves identifying the appropriate text needed to test hypotheses or answer research questions and
developing a method for collecting this text. There are many data collection methods that can be used to
compile a text database (corpus), depending on the type of data. Any text-generating design can be used if the
researcher can collect enough data. Researchers can use different types of texts depending on the research
purpose, ranging from internet-based texts (e.g. website text, emails or social media data such as Twitter,
Facebook), transcribing audio files from interviews and focus groups, or asking participants to write responses
to questionnaires and open-ended questions (Banks et al., 2018).

The steps to be considered in topic modeling are sample size, data preprocessing, deciding on the number
of topics, and examining model complexity. These steps are explained in detail, respectively.

Sample Size in Topic Modeling: The sample size in topic modeling is related to the number of
documents included in the analysis and the number of words in each document. There is no universal rule
regarding the minimum number of words required for topic modeling. For example, social media posts can be
noticeably short as they contain a limited number of words. When the text data is this brief, aggregation at the
user level can be performed, but this reduces the sample size. The minimum word count for text data can vary
depending on the context. Particularly in survey studies, participants may be asked to write a minimum number
of words.

As important as text length is the quality of the text. It is easier for topics to emerge in texts that are
spelled and grammatically correct. If the same word is misspelled or used in a document, it is more difficult to
find patterns in the text. Although surveys specify a minimum word count, respondents may use repetitive or
meaningless words just to fill the word count. In addition, when the text type is a social media post, the presence
of abbreviations and slang terms can challenge researchers. Another aspect that affects the sample size is the
level of the document. A sentence is contained within a paragraph, a paragraph within a social media post and
a social media post within a user. Depending on the hypotheses or research questions of interest, researchers
can change the level at which a document is described, which can affect the sample size (Tang et al., 2014).

Data Preprocessing. In quantitative research, the first step after collecting text data, such as missing
value and outlier analysis, which must be done before starting the analysis, should be data pre-processing.
Every action taken at this stage directly affects the result of the analysis. The more accurate and better the data
preprocessing stage is, the more accurate and reliable the analysis result is. Just as the presence and removal
of outliers or influential values in a regression analysis can change the results, the text preprocessing stage can
potentially affect the results. The steps in the preprocessing phase aim to prepare the data for further analysis.
These steps are necessary not only to develop a clean and appropriately formatted dataset before conducting
topic modeling, but also to facilitate the interpretability of the topic modeling output (Gencoglu, 2023). In this
context, preprocessing is an exploratory, iterative stage, and it may be necessary to return to it even later in the
analysis.

The preprocessing process should be the first step to remove all irrelevant answers, noticeably short text
or invalid records that could affect the quality of the modeling analysis. The subsequent process involves
tokenization and cleaning of the text. This stage includes removing meaningless characters and punctuation
marks, converting all words to lower case, and excluding blank answers and answers corresponding to blanks
(Gencoglu, 2023; Vijayarani et al., 2015).

In tokenization, the entire document is divided into sentences, words, syllables, letters or according to
the rules set for the research. Each sentence, word, syllable, and letter are tokenized according to the rules
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chosen for the research, which are determined by punctuation marks or spaces. Language-specific processing
may also be required at this stage. For example, for Turkish, character conversions such as converting "¢" to
"c"and "U" to "u" are required. If there are too many Turkish characters in the data set, the analysis result may

be negatively affected due to the character encoding problem in the operating system.

One of the most important steps of the preprocessing stage involves the assessment and removal of stop
words. Stop words are words that are used so frequently that they do not add value to the identification of
topics in a research context. Stop words are language-specific words that are not relevant to the text content,
so they should be removed for a more valid analysis. The words that remain after removing ineffective words
are usually nouns, verbs, and adjectives. Conjunctions such as "and, or, but, but, but, because, moreover, even"
or pronouns such as "I, you, he, she, that" need to be removed as they have no meaning on their own and add
little or no value to the grouping process (Nowlin, 2015). For example, if the corpus contains only medical
documents, words such as human, body, health can be found in most of the documents and can be omitted as
they do not add specific information to make the document stand out. These ineffective words, which occur in
at least 80% ~ 90% of the documents, should be removed for the meaningfulness of the results without any
loss of information.

Standard stop words should be removed first before starting the analysis, but additional words can be
removed when the findings are interpreted. Turkish stop words libraries may not be at the desired level in
open-source software where LDA analysis is performed. For this reason, it may be suggested to create a list of
ineffective words consisting of Turkish words within the scope of the study. To find ineffective words, word
lists can be organized by frequency and frequently used words can be selected as ineffective words due to their
lack of semantic value (Kadhim et al., 2014).

It is valuable to have information about the literature studied in determining stop words. A word
considered a stop word in one analysis may be important in another. For example, the third person singular
word "it" in English is a stop word for most analyses. However, this word is also an abbreviation for the word
information technology and is effective for a study in this field. To identify stop words, Zipf's law (Newman,
2005) can be applied, which suggests removing frequently occurring words to reduce random noise in the
results. Zipf's law also applies to the removal of infrequent words in the tail of the distribution. A minimum
number of occurrences of a word in a document can be set, above which a word is not considered a sparse
term. However, some words may occur many times in some documents and not at all in others. Therefore,
setting a minimum number of documents will lead to the exclusion of some words from the analysis.

After tokenization, the next possible step is stemming. This step is simply the process of reducing words
to their root or basic form by removing affixes, while keeping the root meaning intact (Jivani, 2011). The aim
of this method is to remove various affixes, reduce the number of words, have correctly matched stems, and
save time and memory space (Vijayarani et al., 2015). However, the words that remain after stemming may
not always be real words; they may be just fragments of words with no semantic meaning. While stemming
provides a more basic and coarse method for reducing words to their root forms, lemmatization is a more
complex process that involves determining the basic or lexical form of a word according to its intended
meaning. The word that emerges from this process is always a special word that belongs to the language.
Lemmatization is preferred for tasks where semantic accuracy is crucial, while stemming may be more
appropriate for tasks where simplicity and speed are more important. Whether the lemmatization step is
necessary depends on the problem under investigation (Weiss et al., 2010). Unfortunately, fewer software
packages include the lemmatization approach. While both stemming and lemmatization remain popular
choices for text preprocessing, research on the usefulness of each approach is mixed and highly dependent on
the corpus, method, and research language (Banks et al., 2018). In suffixal languages such as Turkish, the same
word may appear in different forms depending on its use in the text. By separating words into their roots, this
problem can be overcome.

Stemming and lemmatization steps should be followed by word sequences (n-grams). In the n-gram
technique, the number of occurrences of adjacent words and phrases in a document is calculated. Calculating

544



Nurten Karacan Ozdemir, Kiibra Atalay Kabasakal

the frequency of a single word is called unigram, the frequency of two adjacent words is called bigram, and
the frequency of three adjacent words is called trigram (Kumar & Paul, 2016). Word sequences can be key to
identifying extremely useful expressions. For example, when analyzing with bigrams, Eastern Anatolia will
be included in the analysis as a single word, rather than two separate words, Eastern and Anatolia. The results
will vary with the use of unigrams and bigrams. It is therefore recommended to examine the results with both
analyses. Banks et al. (2018) recommend that researchers start their analyses with unigrams, but in most
contexts, bigrams should also be considered.

The LDA algorithm has advantages and disadvantages (Maier et al., 2018). The advantages of the LDA
algorithm are that it enables the rapid identification of topics in a large data set. In accordance with real life, a
document can contain more than one topic. The disadvantages are that the results are not deterministic, and
every point that needs to be considered in methodological issues changes the results of the analysis. A
limitation is that the number of topics can be determined by the researcher.

Determining the Number of Topics: Determining the number of topics is one of the biggest challenges
when using topic models (Blei & Lafferty, 2009). As it is an unsupervised algorithm, it places the burden on
the researcher to ensure that the categories derived by the model are justifiable by the researcher. Determining
the appropriate number of topics for the LDA algorithm should be chosen according to the research question
and the hypotheses being tested and should be guided by theory. Too few topic models can lead to word overlap
and failure to identify different topics, but too many topic models can reduce semantic validity or fail to reveal
a broader and more inclusive topic. Therefore, the semantic validity of the topics should be the most important
reason for determining the number of topics (Grimmer & Stewart, 2013). Semantic validity means that each
topic has a clear and coherent meaning that can be recognized by associating terms with that topic
(Krippendorff, 2003).

Researchers should use an iterative modeling process with varying number of K values. Exploring the
data by starting with a small number of subjects and increasing the number of subjects helps researchers to
become more familiar with their data. When choosing the number of subjects, it is important for researchers
to apply the principle of parsimony. That is, to justify increasing the number of topics or latent constructs in
the text and thus the complexity of the results, there should be a rationale that with more topics one can better
interpret the findings.

Researchers should discuss what the emerging topics represent and develop topic labels. They should
also try to relate the emerging issues to the existing literature. The analysis is complete when the researchers
are satisfied with the topic labels and definitions, and when supporting examples from the original text are
identified. As an ultimate step in the topic modeling phase, researchers should examine the network structure
of the topics. A topic network allows to see how certain topics are related and is useful for assessing the
dimensionality of emerging structures (Banks, 2018).

Model evaluation: Supervised learning algorithms in machine learning do not have metrics that can
be calculated to evaluate the model. Since LDA is an unsupervised learning algorithm, it is not possible to
evaluate model performance with error metrics. However, different models can be compared with each other.
Perplexity, often used in language modeling, is algebraically equivalent to the inverse of the geometric mean
probability per word. A lower complexity score indicates better generalization and prediction performance
(Blei et al., 2003).

TOPIC MODELING IN PSYCHOLOGICAL COUNSELING AND GUIDANCE

Topic modeling as a data analysis method is considered by some researchers as a complementary
function to traditional research by enabling the analysis of big data through machine learning. It is pointed out
that analyzing the counseling literature according to topic modeling can provide important insights to see how
and where the field has developed and changed in the historical process and to monitor changes and
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developments in the field (Oh et al., 2017). Using topic modeling in counseling and guidance can make
significant contributions to theory, research, and practice.

First, topic modeling can contribute to the testing, extending, and developing the theoretical and
conceptual foundations (Chen & Wojcik, 2016) by revealing the prominent topics in counseling and guidance
literature. In addition, topic modeling can serve an important function such as identifying research trends in
counseling and guidance and revealing the topics in the focus of the research (Bittermann & Fischer, 2018).
At this point, it can contribute to the uncovering of latent themes that may not be easily identified by traditional
qualitative data analysis methods and thus contribute to the unveiling of missing or overlooked aspects of the
research (Chen & Woijcik, 2016). Moreover, emerging themes can help to synthesize research findings and
draw effective inferences based on these syntheses and shed light on solving existing problems. It can also
help young researchers to see the research trends in the field and explore their own areas of interest (Bittermann
& Fischer, 2018).

The possible contributions of topic modeling to counseling practices are also underlined. For example,
analyzing anonymized counseling transcripts with topic modeling can contribute to revealing the content and
focus of counseling sessions, discovering prominent and recurrent themes in the client's life, understanding
various aspects of client experiences, and reviewing and evaluating the helping process accordingly (Chen &
Wojcik, 2016). In addition, transparently addressing recurrent themes in sessions with clients can contribute
to gaining insights into clients' problems and their solutions. Topic modeling research to understand the
effectiveness of different counseling methods and models (Liu & Gao, 2021) can make significant
contributions to both the development of the counseling process and counselor education. The findings of topic
modeling in the field of counseling psychology can contribute to the understanding of social needs and to the
development of practices to respond to the needs of society (Bittermann & Fischer, 2018). At the same time,
it can provide meaningful inputs for developing policies based on these needs. With these functions, topic
modeling is considered as an effective, systematic, and valuable data analysis method in counseling and
guidance (Bittermann & Fischer, 2018; Oh et al., 2017).

Examples of Topic Modeling in Psychological Counseling and Guidance and Related Literature

With the developments in big data analysis and machine learning, it is seen that research on the use of
topic modeling as a data analysis method is increasing in the literature on mental health. Under this heading,
examples of studies using topic modeling analysis with methods such as latent topic modeling are presented.
Existing studies can be summarized under five groups according to their research objectives: 1) Research to
identify the most researched topics in mental health-related fields in general (e.g., trending topics in
counseling) 2) Research exploring topics related to specific themes in the counseling literature (e.g.,
multiculturalism, career counseling, mindfulness) 3) Studies investigating topics related to the counseling and
helping process (e.g., most effective counseling methods, therapeutic relationship, online counseling, etc.) 4)
Research on diagnosis and detection (e.g., cyberbullying, detection of depression symptoms) 5) Research
conducted within the scope of measurement, evaluation and individual assessment studies (e.g. evaluation of
responses to open-ended questions in questionnaires).

In the first group, studies that aim to uncover the thematic focus of research in counseling and related
mental health fields (such as career counseling, organizational psychology, and marriage and family
counseling) over time, as well as to identify current trends in research, serve as illustrative examples. For
example, academic articles published in the Journal of Counseling Psychology from 1963 to 2015 were
analyzed with the topic modeling method to investigate which topics the research has been concentrated on in
the last 53 years. The findings revealed a distribution of 70 topics, which were grouped into four categories:
counseling process and outcomes, multiculturalism, research methods, and career counseling. Especially in
recent years, it has been reported that there has been an increase in research trends on diversity and
multiculturalism (Oh et al., 2017). Similarly, research in psychology conducted in German-speaking countries
from 1980 to 2016 was analyzed to identify emerging topics. In this study, which examined 314,573
publications, 500 distinct topics were identified, and the analysis focused on determining which of these were
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trending. The findings revealed that topics with an increasing research trend included various aspects of
neuropsychology, online counseling, cross-cultural characteristics, trauma, and visual attention (Bittermann &
Fischer, 2018). In line with such studies, there are also investigations that focus on more specialized areas. For
instance, Liu et al. (2020) performed a topic modeling analysis to determine the prominent themes in clinical
psychology research between 2007 and 2018. They found that meta-analysis, psychotherapy, professional
development, and depression were the most frequently studied topics during this 12-year period. Additionally,
their study indicated that behavioral interventions have been a steadily rising research focus since 2007. These
studies produce meaningful results in terms of identifying the focal points of research and emerging trends,
especially in Psychological Counseling and Guidance and related literature. From this perspective, they offer
valuable insights into which topics have gained importance over time and which areas may have been
overlooked in the historical research process.

In the second group, there may be studies aimed at revealing the topics around which the research on
specific problem areas or specific forms of intervention in counseling and related literature focuses. Kee et al.
(2019) analyzed the topic modeling of studies on mindfulness in this group. The researchers analyzed 5949
studies published in Web of Science until October 20, 2017, with topic modeling. In the analysis, 106 topics
and 231 terms emerged, which were systematically categorized into five distinct themes. The first theme, target
group/application area, encompassed various populations and settings where mindfulness research was
conducted, including adolescents, couples, pregnant women, health professionals, as well as workplace and
school environments. The second theme, situation/problem, focused on specific conditions and challenges
where mindfulness practices were implemented, such as gambling addiction, depression, anxiety disorders,
and cancer. Structure/philosophy emerged as the third theme, addressing different philosophical foundations
underlying mindfulness practices, particularly Vipassana meditation and Buddhist principles. The fourth
theme, modality/form, highlighted various therapeutic approaches, with mindfulness-based cognitive therapy
being a notable example. Finally, the research method theme incorporated methodological aspects, including
measurement tools, research designs, and related procedural elements used in the studies. This research can
provide important inputs to researchers working on mindfulness in terms of showing the topics on which the
research conducted so far has been gathered. Another interesting study was conducted in organizational
psychology (Royston et al., 2022). The responses of officers serving at distinct levels in the army to open-
ended questions about their duties were analyzed with topic modeling and it was examined how the definitions
of duties and responsibilities differed according to leadership level and experience. According to the findings,
in lower-level positions, topics focused on daily tasks and obtaining information about the job, while topics
such as supervision, network expansion activities and process improvement came to the fore as the leadership
level increased. At higher levels of leadership, the language used emphasized topics such as participation in
corporate committees, strategic leadership, overseeing corporate operations, mentoring, and strategic planning.
In this study, while pointing out the importance of topic modeling analysis for job analysis studies, it was
emphasized that the findings obtained with this analysis method can contribute to a better understanding of
issues such as the qualifications required by certain jobs, employee characteristics, and job context (Royston
etal., 2022). Another example is the topic modeling analysis conducted by Wang et al. (2016) on the abstracts
of 17,723 studies on substance use and depression in adolescents published in PubMed from 2000 to 2014. As
a result of the analysis, five-, 20- and 50-topic models were put forward, for example, it was pointed out that
some terms were included together in the five-topic model. For example, alcohol and brain research, alcohol
and sexual experiences, smoking and alcohol were grouped in pairs under different topics. Similarly, in the
model with 20 topics, it was pointed out that additional topics such as intervention and treatment, family
influence and peer social network, diet, physical activity and obesity, suicide and brain research emerged. In
the 50-issue model, issues such as genetic and environmental influences, depression and alcohol use were
pointed out. In these three models, it was reported that the five prominent topics related to substance use in
adolescents were substance use, general research terms, smoking, brain research, and family and friend
networks. The five prominent topics related to depression in adolescents were depression, psychiatric
problems, treatment of depression and general research terms. In the findings, it was pointed out that in addition
to the typical topics related to depression and substance use in adolescents, risk factors related to substance
use in adolescents, the relationship between substance use and depression, and intervention programs were the
most prominent topics. In addition, the most prominent topic related to substance use and depression in
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adolescents was sex and violence, and the relationship between sexual experience and violence in adolescents
and substance use and depression was pointed out. The other interesting topic was development from childhood
to adulthood. It can be said that this study has revealed important results in identifying risk factors for
depression and substance use in adolescents, prominent issues for intervention, and needs as well as strengths
in these areas. It can be said that these findings can also provide important insights on how to shape the
intervention programs to be carried out on the subject.

Studies employing topic modeling analysis to examine the effectiveness and outcomes of
psychological counseling and psychological helping processes constitute the third group of research. A
significant example within this category is the research conducted by Atzil-Slonim et al. (2019), who utilized
topic modeling analysis to assess client functionality in psychotherapy and identify disruptions in therapeutic
relationships. Their study involved a comprehensive analysis of transcripts from 873 psychotherapy sessions,
encompassing interactions between 52 therapists and 58 clients. In this context, it was investigated which
topics were prominent in the therapy processes, which topics best described the clients' functioning and the
disconnection in the therapeutic relationship between the clients and the therapist, and whether there was a
change in the outcomes of the therapy according to the changes in these topics that were prominent in the
analyses. To support these investigations, before each session, clients completed two different instruments in
which they reported changes in their functioning, interpersonal relationships, performance in social roles, and
symptom levels, which were considered as indicators of progress in the treatment process. In addition, after
each session, the therapists responded to a question in which they evaluated the disconnections in the
therapeutic relationship. Within the study's scope, firstly, topic modeling analysis was conducted on the
transcripts and the prominent topics in the therapy process were identified. Accordingly, positive experiences,
negative experiences, relationships, treatment, health, daily life, and diverse topics were the most prominent
topics. Then, logistic regression was used to investigate the functioning levels of the clients and the topics on
which the alliance breaks in psychotherapy sessions occur. According to the findings, it was reported that four
topics (loneliness, suffering, physical difficulties, and anger) were associated with low functioning of the
clients, while the topics of fun, leisure experiences, celebration and choice were associated with high
functioning. Moreover, three key topics that emerged from the analyses—communication, goal setting, and
the need for help and problems—were found to be closely related to disruptions in the therapeutic alliance. To
further investigate this relationship, multilevel growth models were employed to examine whether therapy
outcomes changed as the focus of topics shifted throughout the therapeutic process. The results indicated that
an increase in topics associated with high-functioning client behaviors (such as communication and goal
setting) was linked to a reduction in symptoms, including lower levels of depression. However, changes in
topics related to low-functioning client behaviors did not produce significant differences in therapy outcomes.
It was pointed out that this result supports current psychotherapy approaches based on focusing on positive
experiences rather than focusing on negative experiences. Similarly, Howes et al. (2013) sought answers to
guestions such as whether the topics that are prominent in the therapy process predict clients' symptoms and
therapy outcomes, if such prediction occurs, whether machine learning-based automated data analysis methods
such as topic modeling can be used instead of explanations made by therapists, and whether topic modeling
analysis produces topics that can be interpreted and/or compared with the decisions made by therapists.
Accordingly, transcripts of counseling sessions between 31 psychiatrists and 138 clients who gave informed
consent between 2006 and 2008, the shortest of which lasted 5 minutes and the longest of which lasted 1 hour,
were used. The researchers, who were not part of the treatment process, assessed the clients' symptoms, asked
the clients to respond to a questionnaire to assess their satisfaction with the treatment sessions, and asked both
the clients and the doctors to respond to a questionnaire to assess the therapeutic relationship during this
process. In total, 12 out of 138 counseling transcripts were coded by two experts and 20 prominent topics were
identified in these sessions. At the same time, 138 transcripts were further analyzed through topic modeling
by fixing the number of topics to 20. Thus, the topics highlighted by expert human coders and machine learning
based topic modeling were compared. It was found that both machine learning-based topic modeling analysis
and manual thematic coding by experts had similar predictive power. However, it was observed that the topics
revealed by machine learning-based automatic coding did not predict symptoms, while coding by experts
predicted symptoms. On the other hand, it was reported that topic modeling analysis revealed topics/themes
that better predicted the therapeutic relationship compared to expert coding. These studies make important
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contributions to the relevant literature in terms of producing preliminary findings indicating that topic
modeling analyses conducted on session transcripts can be used to evaluate the process and outcomes of
psychological help and the therapeutic relationship and alliance between the client and the counselor/therapist.

The fourth group includes examples of topic modeling analysis for diagnostic and detection. For
instance, Franz et al. (2020) conducted a study utilizing topic analysis to examine posts and shares made in
subgroups related to self-harm and suicide on TeenHelp.org, an internet support group frequented by
adolescents. The same content was independently coded by three human coders, revealing themes such as non-
suicidal self-harm, suicidal ideation, suicide attempts, passive suicidal ideation, suicide planning, depression,
social concerns, abuse, drug use, substance use, and other related issues. Similarly, the effectiveness of topic
modeling analysis in identifying self-harm thoughts and behaviors was evaluated. The findings revealed 15
distinct topics, six of which (suicide, friends, family, depression, non-suicidal self-harm behaviors, and social)
were considered relevant for detection purposes. Notably, the analysis showed that machine learning
distinguished suicide and depression as separate topics. The study also explored the degree of overlap between
the machine learning-based topic modeling analysis and the themes identified by human coders. Logistic
regression analysis indicated that the six machine learning-identified topics that met the research hypotheses
corresponded with four of the themes identified by human coders, highlighting the potential for automated
methods to effectively complement human analysis in this domain. The t-test was used to analyze whether the
topics identified by machine learning differed according to gender and age, and it was reported that the topic
of “suicide” was higher in males, while the topic of “non-suicidal self-harm” was higher in females. This study
is important in terms of exemplifying how machine learning-based topic analysis can be used to identify
themes related to suicide and self-harm in adolescents' posts. Studies in this group are more sophisticated with
supervised topic modeling analyses than free/unsupervised ones (e.g., Mobin et al., 2024).

The final group of studies illustrates how topic modeling analysis can be applied in assessment
processes. For instance, Finch et al. (2021) employed topic modeling to analyze written definitions of various
aspects of giftedness provided by parents of gifted children. This analysis informed the development of a scale
designed to identify gifted children by generating relevant scale items based on the extracted topics. Similarly,
Rohrer et al. (2017) integrated topic modeling into a quantitative research framework. In addition to
administering standardized measurement tools, the researchers analyzed participants' responses to the open-
ended question, “What other things worry you?” using topic modeling. This approach enabled a deeper
exploration of participants' concerns beyond predefined survey items. This study analyzed 35,000 written
responses to an open-ended question on what other issues respondents were concerned about in the context of
the Socio-Economic Forum in Germany between 2000 and 2011. The most prominent issues reported in the
findings were the future of children, children, young people, school, family health, rising prices, rich and poor,
foreigners in Germany, unemployment, finding a job, retirement and economic security, Germany's
development, interpersonal issues, decline in moral values, politicians, corruption in politics and war and
terrorism. An analysis of topic changes over time indicates that themes related to war, terrorism, and rising
prices become more prominent, particularly during periods of international conflict (e.g., the Syrian Civil War)
and economic crises. This example demonstrates the combined use of quantitative and qualitative data analysis,
offering an alternative to traditional hand coding for analyzing responses to open-ended questions in large-
scale surveys. By leveraging topic modeling, researchers can overcome the limitations of manual coding and
gain deeper insights into evolving societal concerns. In another interesting study (Jayaratne & Jayatilleke,
2020), the responses of candidates to open-ended questions during the job application phase were analyzed to
determine which type they fall into according to the HEXACO personality model. Within the scope of the
study, the results of a measurement tool that candidates answered for the HEXACO personality model as well
as their answers to open-ended questions using an online chatbot were used in 46,000 job applications. The
job interviews included open-ended questions such as: "What motivates you? What are you passionate about?
Not everyone will always agree with you. Have you ever had a peer, teammate or friend disagree with you?
Give an example of a situation where you went beyond achieving something. Why was it important for you to
achieve this? Sometimes things do not always go as planned. Describe a time when you failed to meet a
deadline or personal commitment. What did you do and how did that make you feel? Thinking fast is critical
in sales. What makes you qualified to do this? Give an example." Candidates' responses to these questions
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were analyzed using machine learning based topic modeling analysis (latent Dirichlet allocation) and a
moderate correlation (r= 0.39) was found between the models. The appropriateness of the terms describing the
different personality models was confirmed by feedback from 117 volunteer participants. This study highlights
that instead of using self-report-based individual recognition techniques that can be influenced by factors such
as social desirability during job interviews, responses to open-ended interview questions can provide an
important advance in the use of topic modeling analyses to identify personality types of candidates and assess
their suitability for the job.

When classifying studies in counseling and related literature that utilize topic modeling, a classification
can be made based on both the data source used and the research purpose. Accordingly, studies can be
categorized as follows: (1) published academic documents, (2) posts, comments and shares on social media
and/or interactive sites and platforms on the internet (such as blogs), (3) counseling and therapy transcripts,
and (4) written responses to open-ended questions in data collection instruments. Numerous studies falling
into the first category have been discussed above. Another example of how non-research documents can be
analyzed is the study by Ni et al. (2023), which examined handbooks on psychological first aid. In this study,
14 handbooks written in English by various institutions and organizations across different countries were
analyzed using topic modeling. The researchers identified relevant documents through Google searches with
keywords such as “psychological first aid,” “handbook,” “guide,” and “manual.” The findings revealed key
topics, including refugees, orientation activities, community-based practices, post-traumatic stress disorder
and other psychological issues, training materials, specific guidelines for service providers, scholarships on
psychological first aid, mental health and psychosocial support, and an Australia-specific service model. Such
analyses can assist countries, institutions, and organizations in developing or evaluating handbooks, codes of
practice, or models on related topics. Additionally, they provide an opportunity for professionals in the field
to review and refine their practices.

As an example of the second group of studies, Seah and Shim (2018) analyzed the posts and comments
in the Singapore subgroup related to suicide and depression on Reddit, a social platform where individuals
share posts and comments in various subgroups according to subject areas, using topic modeling. The study
analyzed 385 posts and 21,000 comments on topics related to depression and suicide between 2010-2018.
According to the results, 14 topics emerged, including life and death decisions and euthanasia, friendship,
social support and relationships, school life, expectations and stress, social views, career, stress and challenges,
attitudes in society at a broader level, cases reported to the police, incentives to share experiences and comment,
acceptance of LGBT people and beliefs, suicide attempts, family problems, past experiences and memories,
and seeking treatment and help. By identifying the prominent topics in the posts on depression and suicide of
individuals who may be assumed to be in need of help on a social platform where they are assumed to be able
to share their views relatively more easily, this research may also shed light on the areas that can be covered
by the help studies to be carried out for individuals who have difficulties in this regard, as well as the studies
that can be carried out on the prevention of depression and suicide. Similarly, Zhang et al. (2021) analyzed
more than one million tweets on Twitter between March and June 2020 using keywords such as “working from
home”, ‘telecommuting’ and “telework” through topic modeling to better understand attitudes and experiences
of working from home during COVID-19. Prominent topics in the results included themes such as
telecommuting, cybersecurity, mental health, work-life balance, teamwork, and leadership. These results can
be seen as important in understanding the difficulties and needs of employees in their experiences with
telecommuting and gaining insight into the general trend and attitude towards telecommuting. In another
interesting study (Carron-Arthur et al., 2016), the posts shared in an online support group related to mental
health were analyzed by topic modeling. However, in this study, it was pointed out that 75% of the posts on
such platforms were made by the same people, and these users were called super users, and it was examined
with the chi-square test whether the topics that stood out in the topic modeling analysis varied between super
users and other users. Accordingly, super users were found to be more likely to post on topics such as parenting
roles, mental health, and positive change, and less likely to post on depression, medication, therapy, and
anxiety, but they were also found to be more likely to post on five of the seven prominent topics. This research
points to the importance of examining the differences in topics between the 75% group who post continuously
and the other groups, rather than the number or frequency of posts, especially in topic analyses conducted on
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posts and shares on mental health issues on social media or the internet. In this context, the fact that the same
or similar comments are constantly written by the same people points to the need to conduct more detailed
examinations by being aware of the determining role of the situation in shaping the prominent topics.

Similarly, examples of studies in the third category have been provided within the above classification
(see Atzil-Slonim et al., 2019). Additionally, Atkins et al. (2012) proposed the use of topic modeling analysis
in couple and family therapy. In their study, the authors applied topic modeling to analyze therapy transcripts
obtained from an experimental study involving couples. Their analysis identified key themes in therapy
discussions across three distinct models: content-oriented topics (e.g., family, work, money, sexuality),
emotion-oriented topics (e.g., anger, sadness, hurt, effort), and therapy-related topics (e.g., communication,
problem-solving, brainstorming). Furthermore, they showed how topic modeling can be used to track changes
in discussion topics over therapy. For instance, in the case of one couple, communication-oriented topics
dominated discussions in a particular phase, increased in prevalence between the fourth and eighth sessions,
and subsequently shifted toward problem-solving. Finally, in the fourth category, studies on the application of
topic modeling to analyze responses to open-ended questions in assessment and evaluation processes, and in
understanding individuals, serve as relevant examples.

According to the topic modeling analysis method used, a classification can be made as (1) supervised
topic modeling, (2) unsupervised topic modeling, and (3) research using generative artificial intelligence based
on large language models. In this article, since the purpose of use rather than the different methods of topic
modeling analysis is emphasized, we have tried to make a classification based on how topic modeling analysis
is used for different purposes. At this point, it can be said that although there is an interesting and developing
use of topic modeling analysis in counseling and related mental health literature, some limitations and ethical
issues come to the fore in this process.

Limitations and Ethical Considerations in the Use of Topic Modeling Analysis

When the related literature is reviewed, it is seen that there are limitations that should be taken into
consideration when using topic modeling analysis (Banks et al., 2018; Bittermann & Fischer, 2018; Kobayashi
et al., 2018; Liu & Gao, 2021; Oh et al., 2017; Otsuka et al., 2021). First, the results of topic modeling are
highly dependent on the data set subjected to topic modeling analysis. Therefore, when conducting research in
the field of counseling, it is likely to be highly influenced by whether the literature has been adequately
reviewed, if criteria such as inclusion and exclusion have been determined, how they have been determined
and which studies have been included in the analysis, the frequency or inaccuracy of posts on the internet, or
inadequate transcripts. Note that the data quality can significantly impact the results. Topic modeling analysis
requires a large data set to produce accurate topic and theme distributions. Therefore, a small data set (e.g., a
few counseling transcripts) would not be suitable for the analysis. Especially in topic modeling that only
analyzes abstracts of published articles, the topics revealed by the findings will be limited to the information
provided by the abstracts.

Moreover, using existing classification systems to train topic modeling algorithms may be inadequate
or incomplete in identifying emerging or dominant topics within a given research area. Regardless of the
dataset size, topic modeling results may sometimes encompass multiple themes within a single topic, raising
concerns about consistency and comprehensiveness. To enhance the validity of findings derived from topic
modeling, researchers are advised to employ various strategies, such as establishing clear criteria, applying
triangulation in data analysis, and consulting expert opinions. Another limitation of this analytical method is
its strong reliance on technology. When researchers depend exclusively on machine learning-generated
findings, they may risk losing a broader and more critical perspective on the subject. Additionally, the
technology-dependent nature of topic modeling necessitates expertise in data mining analyses. This presents a
challenge for practitioners unfamiliar with such methods, particularly when applying topic modeling for
purposes such as evaluating psychological counseling processes through session transcripts or assessing
employee needs and feedback within an organization.
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Another limitation of the findings is that topic modeling analysis, especially when analyzing
counseling transcripts or posts on social networking sites, may not be able to assess context, recognize nuances,
and fully capture the complexity of individual experiences. Thus, while topic modeling analysis may reveal
themes and patterns in textual data, it may not fully reflect the context in which this data was obtained and the
complexity of psychological phenomena. Another limitation concerns the interpretation of the findings. The
interpretation of the topics revealed by the findings and the terms represented under the topics are made by the
researchers. This carries the risk of being influenced by subjective processes such as subjective opinions,
judgments, or biases of the researchers. Therefore, interpretation of the findings requires scrutiny and
evaluation. Finally, especially in topic modeling analyses using counseling transcripts, the findings may only
reveal topics and patterns related to the context under study. Therefore, there will be limitations in the
generalizability of these findings to a broader counseling context or to other groups.

As a precautionary measure against these limitations, it is recommended that researchers planning
applications and studies based on topic modeling analysis in human-centered fields such as psychology,
psychological counseling, and guidance consider ethical issues both within the framework of their discipline’s
ethical principles and publication ethics. Researchers should first ensure that the data sources used—whether
academic articles, reports, documents, or posts from social media and various online platforms—are compiled
in a manner that ensures an unbiased, fair, and representative sample of the collected content. This step is
crucial, as it influences the content, frequency, and distribution of topics that emerge from the analysis. The
findings generated from this process play a critical role in shaping conclusions and informing practice.
Furthermore, the interpretation of the findings should be grounded in transparency. Researchers should
explicitly acknowledge the limitations of the data analysis method, as well as their own role and potential
biases in the analytical process, such as their interests in the subject matter. Additionally, they should consider
whether the study warrants further investigation and assess the broader implications of its findings for specific
groups, individuals, or societies. For example, researchers should be mindful that identifying issues that could
stigmatize a particular group (e.g., LGBTI individuals) or society (e.g., associations with diseases or mental
health conditions) or designing a study in a way that could lead to such interpretations would not align with
the principle of social good. When utilizing more sensitive data sources, such as therapy transcripts,
responsible data use is essential. This includes obtaining informed consent, ensuring participant
confidentiality, removing any identifying information related to clients or groups from transcripts, maintaining
privacy, and safeguarding data security for all data sources.

CONCLUSION AND SUGGESTIONS FOR FUTURE RESEARCH

Studies using topic modeling as a data analysis method in counseling can make significant
contributions to theoretical foundations, research, and practice in terms of their findings. First, as in the
examples above, important developments, rising trends, and areas where research and practice are concentrated
in counseling can be analyzed through topic modeling. This analysis can contribute to the determination of the
situation based on the distribution of topics, to a better understanding of the various aspects of the examined
topic, to the evaluation of which components should be included in practices, and to the review of existing
practices and policies. When we look at the research on this subject so far, there are few studies in school
counseling, career counseling and family and marriage counseling. For example, studies such as revealing the
trend topics in research on marital satisfaction, looking at the changes in the distribution of topics over the
years, and comparing them with divorce rates can provide meaningful inputs to preventive and supportive
studies to be conducted on this subject. This analysis based on data mining can be carried out by analyzing
research all over the world, or by examining only the research in our country. More specific results can be
reached for practice with more local and culture-sensitive findings. Similarly, research on job satisfaction,
organizational commitment, and burnout can make important contributions to career counseling. Findings from
these studies can contribute to the review of current processes and the development of policies in terms of
evaluating work productivity and supporting economic development. Topic modeling analysis can also be
conducted by focusing on more specific topics. For example, Karacan-Ozdemir et al. (In review) examined the
skills necessary to be successful in STEM careers through topic modeling analysis. The findings of this study
may contribute to the design of programs to support students' STEM career development and the evaluation of
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existing programs. Similarly, all research studies conducted in the field of school counseling in Tiirkiye to date
can be examined with topic modeling and changes in the distribution of topics over the years can be interpreted
in the light of social crises, developments and changes, and inferences can be made for the future and important
inputs can be provided for the design of comprehensive developmental guidance programs in this direction.
As a more specific suggestion, handbooks, and practitioner guides on crisis intervention in schools can be
analyzed through topic modeling and the contents of commonly used crisis intervention programs in our
country can be reviewed according to the prominent topic distributions.

Topic modeling can also be used to reveal research trends in the field of counseling with a bottom-up
approach and to capture the agenda of emerging psychological research (Bittermann & Fisher, 2018). In
addition, it can be integrated into systematic literature review studies and in this way, literature review studies
can be expanded (Bittermann & Fisher, 2018; Chen & Wojcik, 2016). The findings can guide researchers in
designing novel studies. In addition, awareness can be raised about which research topics are on the agenda
and more prominent, and which research topics are neglected. Moreover, it can contribute to the development
of new research questions and hypotheses (Chen & Woijcik, 2016).

Another suggestion for future research on the potential uses of topic modeling analysis, as in the
examples given above, is to examine posts, shares, and feedback on social media and the internet, such as
Facebook posts, tweets (Banks et al., 2018). Research can be conducted in this direction in psychological
counseling and guidance. For example, examining comments and posts on specific websites and platforms
related to computer games through topic analysis and furthermore, revealing the changes in topics according
to age groups can make significant contributions to understanding, explaining, and evaluating addiction to
computer games in various aspects. The findings may provide important inputs in assessing unforeseen risk
factors, identifying computer addiction tendencies specific to different developmental stages (such as children,
adolescents, and adults) and planning or evaluating existing help processes accordingly. Similarly, analyzing
user comments and posts on betting sites with topic analysis to understand gambling addiction, which is a
rising problem, may provide important contributions to future studies on this subject.

Topic modeling analysis in psychological counseling and guidance can produce rich and insightful
findings in cross-cultural research. These studies can make meaningful contributions in terms of understanding
which topics are prominent in distinct cultures and what differences occur according to culture and developing
culturally sensitive practices (Liu & Gao, 2021). For example, Otsuka et al. (2021) examined which topics in
psychological research are universal and which topics vary across geographical regions and over time. Among
the main findings, they report that research activities and trends in psychology are strongly influenced by both
geographical regions and time trends. Accordingly, they found that issues related to clinical research were
higher in Europe than in North-Central America. Another example of cross-cultural research is the work of a
multicultural research group, including the author of this article, who conducted research on social emotional
learning skills. The research team analyzed qualitative data collected from educators using topic modeling to
uncover both universal topics and themes that varied by culture in decision-making skills. Preliminary findings
indicate that, unlike in other cultures, expressions of emotions (e.g., anger, feeling pressure) emerged as
prominent topics and terms in Turkiye (Kanzaki et al., in review). As demonstrated in these examples,
numerous issues in psychological counseling and guidance can be explored through topic modeling analysis,
with findings that can contribute meaningfully to the field. For instance, topic modeling can be used to examine
factors influencing the effectiveness of the counseling process, key themes in the therapeutic relationship,
counseling methods and approaches perceived as effective, and prominent reasons for client dropout or
discontinuation of counseling. Through such analyses, both universal and culture-specific themes can be
identified. This, in turn, can provide valuable insights into the culturally specific application of Western-
oriented counseling theories and approaches. These examples can be multiplied.

Another use of topic modeling in counseling can be in measurement and evaluation applications. Topic
modeling can be used to evaluate the effectiveness of counseling and guidance practices by examining the
differences in topics between pretest and posttest (Liu & Gao, 2021). For example, in evaluating the
effectiveness of practices such as developmental classroom guidance programs, peer bullying programs, and
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resiliency-related interventions implemented in schools, the distribution of prominent topics in the feedback
from practitioners and/or participants can be examined. In addition to providing information on the
effectiveness of existing programs, these evaluations can provide meaningful inputs for the improvement of
programs and the development of future programs. Similarly, for example, findings from the evaluation of
school-based programs implemented across the country can provide important contributions to the
development of policies related to these issues (Oh et al., 2017). As another example, within the scope of
school counseling studies, students' autobiographies, which are anonymized in terms of confidentiality and
privacy, or their responses to open-ended questions in various guestionnaires can be analyzed with topic
modeling. Thus, important findings can be accessed to identify needs and problem areas in the school. In
addition, longitudinal studies examining the changes in topics in students' autobiographies over the years can
contribute to the understanding of developmental needs and differences. Similarly, by retrospectively
analyzing student autobiographies at the same level (e.g., 7th grade level), it is possible to examine whether
there are changes in the prominent topics in the same age group over the years, and if so, in which direction,
and to make predictions for the future. An example of its use in the fields of career counseling and
organizational psychology can be the analysis of employee satisfaction or feedback in an institution through
topic analysis of institutional documents such as annual reports, strategic plans, and meeting minutes. The
results obtained here can be useful for organizations in assessing their strengths and weaknesses, employee
needs, and identifying development areas (Banks et al., 2018).

Topic modeling can also be used in the development of counselor education. As detailed in the
examples and suggestions above, the topics that come to the forefront as a result of examining the research
and issues in the field of counseling and guidance through topic modeling analysis can be used in reviewing
the curriculum used in counselor education and updating the programs accordingly in case there are issues that
are not addressed or overlooked. This can help to structure counselor education in line with current research
trends and best practices (Oh et al., 2017). For example, research findings such as identifying the prominent
topics in effective counseling approaches and practices and revealing the culture-specific determinants of the
therapeutic relationship can be addressed in counseling practice courses and can be taken into consideration in
the supervision processes given to students within the scope of this course. On the other hand, in future
research, ethical principles and standards can be established for the use of topic modeling in counseling and
guidance, considering the ethical issues and requirements that may come to the fore in all the suggestions given
so far (Liu & Gao, 2021).

Considering the limitations of topic modeling as a data analysis method, as mentioned before,
suggestions can be made to integrate it with other data analysis methods or to use it by blending different topic
modeling analyses. First, topic modeling analysis in the field of counseling and guidance can be conducted
within the scope of grounded theory approach, one of the qualitative research designs (Banks et al., 2018),
and/or can be used in combination with qualitative data analysis methods such as content analysis or sentiment
analysis (Kobayashi et al., 2018).

As in studies aimed at identifying prominent topics in psychological counseling and guidance (e.g.,
Ohetal., 2017), more advanced topic modeling techniques, such as dynamic topic modeling, can be employed
to analyze the evolution of topics over time. This approach enables researchers to capture the shifting nature
of topic structures and gain a more nuanced understanding of their historical development (Kobayashi et al.,
2018). Additionally, efforts can be directed toward enhancing topic modeling methods to accommodate more
complex data types, such as longitudinal and network data (Otsuka et al., 2021). Furthermore, advancements
in neural probabilistic approaches, including word embedding and deep learning, can be accelerated to refine
topic modeling techniques (Banks et al., 2018). Beyond text analysis, future research can explore the
integration of topic modeling with alternative data sources, such as audio and video, to expand its applicability
and improve analytical depth (Kobayashi et al., 2018). Finally, as mentioned under the limitations, studies can
be conducted to develop validated topic models to assess the validity of the results obtained through topic
modeling analysis; standardized procedures can be developed to validate the topics presented using established
criteria to assess the quality of topic models (Otsuka et al., 2021).
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Conclusion

This article examines the use of topic modeling, a text mining data analysis method based on machine
learning, within the field of psychological counseling and guidance amid rapid technological advancements.
While research on this subject remains limited, topic modeling holds significant potential for applications in
psychological counseling and guidance. Conducting topic modeling analyses within qualitative research across
various domains of psychological counseling and guidance can provide valuable insights. These findings can
contribute to the advancement of the field by informing theoretical knowledge, research, practice, and policy
development. However, further studies are needed to explore its potential while also addressing the inherent
limitations of the data analysis method, the challenges associated with the research process, and the ethical
considerations involved.
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