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On Soz

“Yonetim Biligim Sistemleri Alaninda Yenilik¢i Coziimler ve Giincel
Yaklagimlar — II” baghkli bu eser, ilk kitabin sagladigr akademik birikimi
ve etki alanin1 daha da genigleterek, dijital doniigiim ¢aginin dinamiklerini
derinlemesine ele alan bir devam niteligindedir. Teknoloji, yonetim ve
toplumsal degisimin kesigiminde yer alan Yonetim Biligim Sistemleri (YBS)
alani, igletme siireglerinden karar alma bigimlerine, etik anlayistan ekonomik
refaha kadar genig bir etki alanina sahip stratejik bir disiplin haline gelmistir.
Bu kitap, tam da bu doniigiimiin ¢ok katmanli yapisini anlamaya yonelik
biitiinciil bir ¢er¢eve sunmaktadir.

Eserde yer alan boliimler, yapay zekd uygulamalarindan dijital hazirlik
ve ckonomik refah iligkisine, veri odakli karar destek sistemlerinden
stirdiirtilebilir kent lojistigi ve dijital davranig analizlerine kadar uzanan genis
bir yelpazede, giintimiiziin 6ncelikli aragtirma alanlarini kapsamaktadir. Her
caliyma, YBS’nin giincel sorun alanlarina nasil ¢oziim iiretebilecegini somut
veriler ve analitik yontemlerle ortaya koymakta, disiplinin siirekli yenilenen
dogasina 151k tutmaktadir. Bu yoniiyle eser hem teknolojik gelismeleri hem
de bunlarin orgiitsel, toplumsal ve bireysel diizeydeki etkilerini kavramak
isteyen aragtirmacilar i¢in degerli bir kaynak niteligi tagimaktadr.

Kitapta sunulan ¢aligmalar, yonetim bilisiminin teknik uzmanligin 6tesine
gecerek etik duyarlilik, yenilik¢ilik, siirdiirtilebilirlik ve insani degerlerle
sekillenen biitiinciil bir diigtinme bigimini temsil ettigini ortaya koymaktadir.
Dijital ¢agin gerektirdigi yeni beceriler, veriyle desteklenen karar alma
kiiltiirii, algoritmik yonetigim ve etik farkindalik gibi konular, eser boyunca
biitiinsel bir anlayisla ele alinmugtir.

Bu ikinci cilt, birincisinde baglatilan akademik ve diigtinsel hatti
stirdiirmekte, gelecegin bilgi toplumunda etkin, giivenilir ve sorumlu biligim
sistemlerinin nasil inga edilebilecegine dair tartigmalar1 derinlegtirmektedir.
Yonetim Biligim Sistemleri alaninda ¢aligan akademisyenler, Ogrenciler
ve uygulayicilar igin yeni ufuklar agmasini, aragtirmalara yon verecek bir
referans kaynagi olugturmasini dilerim.

Dog. Dr. Vahid SINAP
Editor
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Bolum 1

Diyjital Hazirlik ve Ekonomik Refah: Bilgi
ve Iletisim Teknolojileri Hazirlik Endeksinin
Kisi Bagina Diigen Gayri Safi Yurti¢i Hasila
Uzerindeki Etkisi 8

Rana Sen Dogan'

Murat Dogan?

Ozet

Dijital hazirlik, tlkelerin rekabet giicii ve ekonomik refahini sekillendiren
temel bir belirleyicidir. Bu boliim, dijital altyapi, insan kaynagi, yonetigim
ve dijitallesmenin somut ¢iktilarinin birlikte ele alindigi Ag Hazirlik Endeksi
ile kisi bagina diisen gayrisafi yurt i¢i hasila arasindaki iligkiyi incelemeyi
amaglamaktadir. 2024 yilina ait 134 iilke verisi kullanilmugtir. Gelir bilgileri
Diinya Bankasr'ndan, endeks puanlari Portulans Enstitiisi’'nden alinmugtir.
Caligmanin yontemi, endeks ile gelir arasindaki iliskinin yoniinii ve giliciinii
sinayan kargilastirmali bir iliski ¢oziimlemesine dayanmaktadir. Olgiim
kalitesinin yeterliligi gozden gegirilmis, sonuglarin tutarliligr alternatif
tamimlamalar ve duyarhilik kontrolleriyle denetlenmigtir. Dijital hazirlik
diizeyi ytiksek {ilkelerin kisi bagina gelir bakimindan belirgin bir iistiinliige
sahip oldugunu ortaya koymaktadir. Gelirdeki farkliliklarin kayda deger bir
boliimii dyital hazirlikla iligkilendirilebilmekte; dort alt boyutun (Teknoloji,
Insan, Yonetigsim, Etki) birbirini tamamlayarak ilerlemesi halinde refah
artigt gliclenmektedir. Altyapr yatirimlarinin beceri gelistirme, giiven ve
diizenleme, veri yonetisimi ve kapsayict uygulamalarla birlikte tasarlanmasi
gerektigi anlagilmaktadir. Bu ¢aligma, dijital erisim ve ag yatirimlarini dort alt
boyutunu es zamanli yiiriiten tilkelerin daha yiiksek ekonomik refah tirettigini
gostermektedir.

Dr. Ogretim Uyesi, Manisa Cell Bayar Universitesi, Tktisadi ve Idari Bilimler Fakiiltesi,
rana.dogan@cbu.edu.tr, ORCID ID: 0000-0002-1701-4789

Dr. Ogretim Uyesi, Manisa Celil Bayar Universitesi, Tktisadi ve Idari Bilimler Fakiiltesi,
murat.dogan@cbu.edu.tr, ORCID ID: 0000-0002-1701-4789
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1. GIRIS

Dijitallesme, ekonomiyi ve toplumu doniistiiren temel bir kalkinma
alanidir. Bilgi ve Tletigim Teknolojileri (BIT), yalnizca teknolojik ilerlemeyi
degil, ayn1 zamanda tiretim siireglerinden kamu hizmetlerine ve bireylerin
yagam kalitesine kadar pek ¢ok alani etkileyen ¢ok boyutlu bir unsur haline
gelmistir. Bu baglamda, dijital kapasitenin artirilmasina yonelik politikalar,

stirdiiriilebilir ekonomik biiylimenin saglanmasinda stratejik  bir rol
tstlenmektedir.

Dijitallesmenin ekonomik ¢iktilar iizerindeki etkisini analiz etmek
amactyla gelistirilen gesitli gostergeler, politika yapicilar ve akademik ¢evreler
igin onemli bir referans noktasi sunmaktadir. Bu gostergeler arasinda 6ne
¢ikan Bilgi ve Tletisim Teknolojileri Hazirlik Endeksi (BITHE - Network
Readiness Index - NRI), dijital hazirlik diizeyini dort temel boyut (Teknoloji,
Insan, Yonetisim ve Etki) olcer. Amag, iilkelerin dijital doniisiime iligkin
uyumunu izlemektir. BITHE, yalnizca altyapisal donanimi degil, dijital
beceriler, yonetigim kalitesi ve dijital hizmetlerin toplumsal etkilerini de
dikkate alan kapsaml bir 6l¢lim ger¢evesi sunmaktadir.

Bilgi ve Tletisim Teknolojilerinin ekonomik biiyiime iizerindeki olumlu
etkisi, gok sayida ampirik galiymada vurgulanmaktadir (Ganju vd., 2016;
Niebel, 2018). Ancak s6z konusu iligkinin baglamdan bagimsiz degildir.
Ulkelerin dijitallesme diizeyi, yonetisim yapilar1 ve ekonomik geligmislik
diizeyi gibi gesitli yapisal faktorlerden etkilenebilecegi de literatiirde siklikla
dile getirilmektedir (Ferndndez-Portillo vd., 2020). Bu nedenle, dijital
hazirligin kisi bagina diisen gelir (Gayri Safi Yurti¢i Hasila GSYTH /kisi —
GDP per capita) diizeyi {izerinden ele alinan ekonomik refah iizerindeki
etkisinin, daha kapsamli modeller ve giincel verilerle degerlendirilmesi hem
kuramsal hem de uygulamali agidan 6nem tagimaktadir.

Bu ¢aligma, dijitallesmenin ekonomik refah iizerindeki etkisini BITHE
cergevesinde biitiinciil bir yaklagimla incelemektedir. Dort temel boyuttan
olusan BITHE, bu calismada yiiksek diizey yansitici bir yapi olarak
modellenmistir. S6z konusu boyutlarin  GSYTH/kisi iizerindeki etkisi
Kismi En Kiigiik Kareler Yapisal Egitlik Modellemesi (PLS-SEM) ile analiz
edilmistir. 2024 yilina ait 134 iilkenin BITHE ve GSYIH/kisi verileriyle
yiiriitiilen analiz, dijitallesmenin yalnizca altyapr yatirimlartyla sinirl olmayan;
yonetigim kalitesi ve insan sermayesi gibi sosyal bilegenlerle biitiinlestiginde
ckonomik ¢iktilar iizerinde giiglii ve anlaml etkiler yarattigini ortaya
koymaktadir.
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Mevecut literatiirde genellikle BITHE alt boyutlarinin ayri ayri ele alindigs
goriiliirken, bu calisma endeksin 6zglin yapisin1 koruyarak biitiinciil bir
modelle ampirik olarak test eden sayili aragtirmalardan biridir. Bulgular,
yalnizca teorik gegerligi yiiksek bir dijitallesme endeksinin ekonomik
refah tizerindeki doniistiirlicli giiciinii ortaya koymakla kalmamakta; ayni
zamanda politika yapicilar igin senkronize ve hedef odakli dijital doniigiim
stratejilerinin  tasarlanmasina yonelik somut kanitlar sunmaktadir. Bu
yoniiyle aragtirma, dijitallesme ve kalkinma literatiiriine hem yontemsel hem
de uygulamal diizeyde 6zgiin katkilar saglamay1 amaglamaktadir.

2. LITERATUR TARAMASI VE TEORIK ARKA PLAN

2.1. Dijitallesme ve Ekonomik Kalkinma

BIT, iilkelerin dijital doniisiim diizeylerini etkileyen temel bir yapisal unsur
olarak degerlendirilmektedir. Bit yalnizca teknolojik bir yenilik alani degil,
ayni zamanda Uretim siireglerinden kamu hizmetlerine, bireysel refahtan
yonetigim kalitesine kadar uzanan bir doniigiim siirecini temsil etmektedir
(Dobrota vd., 2012; Gomes vd., 2022). Literatiiriin biiyiik boliimii, BIT
yatirrmlarinin  ekonomik biiytime ve kalkinma iizerinde olumlu etkiler
dogurdugunu ortaya koymakla birlikte, bu iliskinin baglamsal faktorlere
bagli olarak farklilagabilecegi ve bazi durumlarda sinirl ya da etkisiz sonuglar
dogurabilecegi yoniinde bulgulara da yer verilmektedir (Ferndndez-Portillo
vd., 2020).

Mevecut literatiir, BIT yatirmlarinin ekonomik biiyiimeyi destekledigi
kadar, GSYiH/ki§i gibi dogrudan bireysel refahi temsil eden gostergeler
tizerinde de olumlu etkiler yaratabilecegini ortaya koymaktadir (Ganju vd.,
2016; Niebel, 2018). Ayn1 zamanda, BIT’in iiretkenlik, verimlilik ve genel
ckonomik refah tizerindeki etkileri de vurgulanmaktadir (Ganju vd., 2016;
Pradhan vd., 2018). Bu etkilerin gelismig ve gelismekte olan iilkelerde benzer
diizeylerde ortaya ¢ikabilecegini one stiren ¢aligmalar bulunmakla birlikte
(Niebel, 2018), sektorel kullanim yogunlugu ve insani geligim diizeyinin
belirleyici oldugu yoniinde kargit bulgulara da rastlanmaktadir (Hoz-Rosales
vd., 2019; Gholami vd., 2010).

BITin ekonomik etkileri &zellikle altyapt ve genigbant teknolojileri
baglaminda da ele alinmaktadir. Genigbant aglarin yaygmhgi, mobil
teknolojilerin erigilebilirligi ve dijital baglantiilik diizeyinin artmast,
ekonomik firsatlarin geniglemesine dogrudan katki saglamaktadir (Edquist
vd., 2018). Benzer sekilde, COVID-19 pandemisi gibi kiiresel kriz
donemlerinde djjital altyapinin geligmisligi, iilkelerin ekonomik direnglerini
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artirmig ve tiretim kayiplarini sinirlt diizeyde tutmalarini saglamistir (Chen
vd., 2024).

Dijitallesmenin etkisi yalmzca altyap: yatirimlartyla sinirli kalmamakta,
insan sermayesi ve inovasyon siirecleriyle de yakindan iligkilidir. BIT,
bilgiye erisimi kolaylagtirmakta, ig giicliniin niteligini artirmakta ve
inovasyon kapasitesine katki saglamaktadir (Vu vd., 2020). Ote yandan,
dijital kamu hizmetlerinin (e-devlet) yonetisim kalitesine, kaynak kullanim
etkinligine ve kamu hizmetlerinin sunumuna katkida bulundugu da siklikla
vurgulanmaktadir. Bu siireglerde kamu-6zel sektor ig birlikleri (PPP), dijital
doniisiimiin hizlandirilmasinda 6nemli bir arag olarak degerlendirilmektedir
(Mayer-Schonberger & Lazer, 2007).

Genel olarak literatiir, dijitallemenin ekonomik kalkinma iizerindeki
etkisinin baglamsal kogullara bagl olarak degistigini gostermektedir. Bu
etkide ozellikle iilkelerin dijital altyap: diizeyi, insan sermayesi kapasitesi
ve yonetigim yapilariin belirleyici rol oynadigr vurgulanmaktadir. Ancak
djjitallesmenin ekonomik g¢iktilar tizerindeki etkisini anlamak, yalmzca
altyapisal yatirnmlarin degil, ayn1 zamanda sosyal ve yonetsel bilesenlerin de
hesaba katildig1 6l¢iim araglarini gerektirmektedir.

Bu kapsamda, BITHE, dijital doniisiimiin ekonomik ve toplumsal
etkilerini bir biitiin olarak degerlendirebilen, kuramsal temeli saglam ve
kargilastirilabilir uluslararasi veriler sunan biitiinciil bir gostergedir. Bir
sonraki boliimde, bu caligmanin temelini olugturan BITHE’nin yapisi ve
analitik gergevesi ayrintili bigimde ele alinacaktir.

2.2. Bilgi ve Iletisim Teknolojileri Hazirlik Endeksi ve Yapist

Dijital doniigtimiin ekonomik ve toplumsal etkilerini saglikli bigimde
analiz edebilmek igin iilkelerin dijital kapasitesini 0lgen, kavramsal tutarlilig
yiiksek ve ¢ok boyutlu gostergelere ihtiya¢ duyulmaktadir. Bu gergevede,
BITHE, iilkelerin dijitallesme diizeyini yalmizca teknolojik altyap iizerinden
degil, ayn1 zamanda insan sermayesi, yonetisim kapasitesi ve toplumsal
etki gibi sosyal boyutlar iizerinden de degerlendiren biitiinciil bir 6l¢iim
sistemidir (Tokmergenova & Dobos, 2024).

BITHE 2024, dort temel boyut etrafinda yapilandiriimistir. Her bir
boyut ii¢ alt gostergeden olugmaktadir. Olgek toplamda on iki alt boyut
endeksin analitik yapisini olugturmaktadir. Bu alt boyutlar sunlardir:

* Teknoloji: Erisim, I¢erik, Gelecek Teknolojileri

e Insan: Bireyler, Isletmeler, Hiikiimetler



Rana Sen Dogian | Murat Dogan | 5

* Yonetisim: Giiven, Diizenleme, Kapsayicilik

* Etki: Ekonomi, Yagam Kalitesi, SDG Katkisi (Siirdiiriilebilir
Kalkinma Amaglari)

Tim alt boyutlar egit agirhkta degerlendirilerek genel endeks puani
olusturulmaktadir (Tokmergenova & Dobos, 2024).

Endeksin olusturulmasinda gosterge se¢imi; teorik gegerlilik, giincel
literatiir destegi, uzman goriigleri ve tlkeler arasi kargilagtirilabilir veri
mevcudiyeti gibi kriterler dogrultusunda sekillendirilmistir (Dutta &
Lanvin, 2024). Bu yoniiyle BITHE, yalnizca dijitallesme seviyesini degil,
bu dijitallesmenin ekonomik ve toplumsal sonuglarini da degerlendirmeye
imkan tanimaktadur.

BITHE ve benzeri endeksler, dijital doniisiimiin diizeyini kargilastirmal
olarak izlemek isteyen politika yapicilar, aragtirmacilar ve uluslararasi
kurumlar tarafindan yaygin bigimde kullaniimaktadir (Dobrota vd., 2012).
Ozellikle “Etki” boyutu, BITHE nin diger teknik gostergelerden ayrigmasin
saglamaktadir. Bu boyut, djjitallesmenin toplumsal refah, dijital kapsayicilik,
stirdiiriilebilir kalkinma ve kamu degerine katkisi gibi daha kapsaml
ciktilar tizerindeki etkilerini degerlendirme kapasitesiyle 6ne ¢ikmaktadir
(Tokmergenova & Dobos, 2024).

2.3. Literatiirde Kullanilan Yontemler, Politika Cikarimlar1 ve
Arastirma Bosluklar1

BIT ile ekonomik biiyiime arasindaki iliski, farkli yontemsel yaklagimlar
ve politika odakli degerlendirmelerle uzun siiredir aragtirma giindeminde
yer almaktadir. Ampirik calimalarda, BIT gostergeleri ile ekonomik
ciktilar arasindaki iligkileri incelemek amaciyla Temel Bilesenler Analizi
(PCA), I-distance yontemi (Dobrota vd., 2012), panel veri regresyonlar: ve
Granger nedensellik analizleri (Niebel, 2018; Pradhan vd., 2018) gibi gesitli
istatistiksel tekniklerden yararlanilmistir. Son dénemde ise dijitallesmeyi ok
boyutlu bir gergevede ele alan endekslerin, 6zellikle de BITHE gibi yapisal
olarak katmanli gostergelerin, PLS-SEM yontemiyle analiz edilmesine
yonelik ¢aligmalar artig gostermektedir (Tokmergenova & Dobos, 2024).

Dijital doniisiimiin ekonomik ¢iktilar {izerindeki etkisini analiz eden
caligmalarda yalnizca altyapr yatirnmlart degil, ayni zamanda insan sermayesi,
dijital yonetigim kapasitesi, dijital katilim diizeyi ve yasam kalitesi gibi sosyal
bilegenler de belirleyici degiskenler olarak 6ne ¢ikmaktadir. Bu baglamda,
Diinya Ekonomik Forumu (Baller vd., 2016; Dutta vd., 2015) ve Kirkman
vd. (2002) tarafindan gelistirilen politika gergevelerinde; teknolojik altyapinin
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giiglendirilmesinin yani swra dijital becerilerin artirilmasi, yagam boyu
ogrenme uygulamalarinin tegvik edilmesi ve dijital diizenleyici ¢ergevenin
gelistirilmesi gibi oneriler siklikla dile getirilmektedir.

Bununla birlikte, mevcut literatiirde baz1 yapisal bogluklarin varlig: dikkat
¢ekmektedir. Dijitallesmenin ekonomik etkilerini daha giiglii nedensellik
iligkileriyle test edebilmek igin gerekli olan uzunlamasina veri setlerinin sinirl
olusu, ¢ok diizeyli endekslerin hiyerargik yapilarinin analitik modellerde
yeterince dikkate alinmamasi ve sektorel diizeydeki farklilagmalarin yeterince
incelenmemesi bu bosluklar arasinda 6ne ¢ikmaktadir (Chen vd., 2024;
Shah & Krishnan, 2024). Ozellikle, BITHE gibi ¢ok boyutlu ve biitiinlesik
endekslerin, ikinci diizey hiyerarsik yapilar temelinde modellenmesi gerektigi
vurgulanmaktadir (Tokmergenova & Dobos, 2024).

Bu baglamda, mevcut galisma, BITHE’In dort temel boyutunu yansitici
bir yapr altinda ele alarak, dijitallesmenin ekonomik ¢iktilar iizerindeki
etkisini incelemistir. Ayni zamanda ¢aligma dijitallesme agisindan biitiinciil
bir yaklagim sergileyen sinirli sayidaki ¢aligmalardan biri olma o6zelligi
tagimaktadir. Literatiirde tamimlanan yontemsel bosluklarin  tamamini
kapsamamaktadir. Dijitallesme endekslerinin ¢ok boyutlu yapisini yapisal
esitlik modellemesiyle biitiinlestirmesi bakimindan 6nemli bir metodolojik
katki sunmaktadir. Calismanin diger sinirhliklar: ve gelecek aragtirmalar igin
oneriler ise sonug boliimiinde tartigilmugtir.

2.4. Aragtirma Modeli ve Hipotezlerin Gelistirilmesi

Bu ¢aligma, BIT temelli dijitallegme diizeyinin ekonomik biiyiime
tizerindeki etkisini BITHE gostergeleri araciligiyla degerlendirmektedir.
BITHEIn dort temel bileseni, dijital hazirhgin farkli yonlerini temsil
etmektedir, bu boyutun GSYIH/kisi {izerindeki etkileri test edilmistir.
Yontemsel olarak bu modelleme yaklagimu, dijitallesmenin boyutsal dogasini
dikkate alarak ¢ok diizeyli bir yapmnin makroekonomik g¢iktilarla iligkisini
Olgmeyi miimkiin kilmaktadir. Buna gore hipotez 1 olugturulmugtur. Bu
hipotez, dyjital altyapi, erisim ve ileri teknoloji yatirnmlarinin ekonomik
bityiimeyi destekleyici etkisini vurgulayan literatiirle ortiismektedir (Ganju
vd., 2016; Niebel, 2018).

H1: BITHE, GSYiH/ki§i tizerinde pozitif ve anlaml bir etkiye sahiptir.
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Tiim bu varsayimlar dogrultusunda olugturulan aragtirma modelinin
gorsel temsili agagida sunulmustur:

Bilgi Islem Teknolojileri
Teknoloji
Insan Kisi Basina
| Dusgen Milli
Gelir
Yonetigim
Etki
Sekil 1: Avasturma Modeli
3. YONTEM

3.1. Arastirma Tasarim

Bu galisma, BIT ekonomik ¢iktilar iizerindeki etkisini yapisal bir
model aracihigiyla incelemeyi amaglamaktadir. Bu dogrultuda, arastirma
modeli, BITHE gostergelerinin alt boyutlar1 ile GSYIH/kisi arasindaki
iligkileri agiklamak {izere kurgulanmistir. BITHE, yansttict bir yap1 olarak
modellenmis ve dort ana bilegen tizerinden 6lgiilmiistiir.

Bu yaklagim, yalnizca nedensel iliskilerin test edilmesini degil, aym
zamanda BITHE gostergelerinin ekonomik biiyiime iizerindeki katkisinin
daha biitiinciil bicimde anlagiimasini da miimkiin kilmaktadir.

3.2. Veri Seti ve Orneklem

Caligmanin 6rneklemini, 134 iilke olusturmaktadir. Bu iilkeler, dijital
dontigim ve ekonomik kalkinma diizeylerinin kargilagtirmali analizine
olanak taniyan veri gesitliligi ve giivenilirligi agisindan tercih edilmistir.
Caligmada kullanilan veriler, 2024 yilina ait yatay kesit bigimde derlenmistir.
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Veri yili olarak 2024 tercih edilmistir. Bu tercih hem BITHE hem GSYIH/
kisi verilerinin eksiksiz ve kargilagtirilabilir bicimde sunulan en giincel yil
olmasidir.

Bagimh degisken olan GSYIH/kisi, Diinya Bankasi veri tabanindan;
bagimsiz degiskenleri olusturan BITHE boyutlari ise “Portulans Institute”
tarafindan yayimlanan “Network Readiness Index” raporundan alinmugstir.
Her bir BITHE boyutu, endekste sunulan bilesik skorlar iizerinden temsil
edilmigtir.

Bu orneklem yapist ve degisken segimi, dijitallesme ile ekonomik
performans arasindaki yapisal iligkiyi istatistiksel olarak test etmeye ve
genellenebilir sonuglar iiretmeye olanak tanimaktadir.

3.3. Veri Analizi

Verilerin analizinde, PLS-SEM tercih edilmigtir. Bu yontem, o6zellikle
karmagik modellerde ve gorece kiigiik 6rneklem biiytikliiklerinde, normallik
varsayimi gerektirmemesi ve yordayicr giice odaklanmasi gibi avantajlar
nedeniyle uygun bulunmustur. Analiz siireci, SmartPLS yazilimi ile
yurttilmiistiir.

Modelleme siireci iki temel agamadan olugsmustur. Oncelikle, 6lgiim
modelinin gegerlilik ve giivenilirligi degerlendirilmistir. Tkinci asamada,
hipotez testlerine yonelik yapisal model analizi gergeklestirilmigtir. Bu
kapsamda degiskenlerin model tizerindeki katki diizeyleri analiz edilmistir.
Bu adimlar, modelin standart olgiitleri kargiladigini ve teorik olarak tutarh
bir yap1 olusturdugunu dorulamaktadir.

4. BULGULAR

4.1. Olgiim Modeli Bulgulari

Bu galigmada kullanilan 6l¢iim modelinin gegerliligi ve giivenilirligi dort
temel kriter dogrultusunda degerlendirilmistir. Bu kriterler gosterge yiikleri,
i¢ tutarhlik katsayilari, yakinsak gegerlik (convergent validity) ve ayrim
gegerligidir (discriminant validity).

Gostergeler ve Faktor Yiikleri: BITHE yapisinin dort alt boyutunu
temsil eden degiskenlerine ait faktor yiikleri 0,939 ile 0,958 arasinda
degismektedir. Literatiirde = 0,70 olarak oOnerilen esik deger dikkate
alindiginda, tiim gostergelerin yeterli diizeyde faktor yiikiine sahip oldugu
goriilmektedir. Ozellikle Teknoloji (A = 0,958) ve Yonetisim (A = 0,951)
gostergelerinin 0,95in izerindeki yiiksek yiikleri, bu degiskenlerin BITHE
yapistyla giiglii bir yakinsama iginde oldugunu ortaya koymaktadir. Ayrica
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tiim alt boyutlarin agirliklarinin birbirine yakin olmasi (Teknoloji = 0,270;
Etki = 0,269; Yonetigim = 0,278; Insan = 0,238), dort alt boyutun BITHE
endeksini dengeli bigimde temsil ettigine isaret etmektedir.

I¢ Tutarlihk ve Yakinsak Gegerlik: I¢ tutarhligi degerlendirmek iizere
hesaplanan giivenilirlik katsayilar1 oldukga yiiksek diizeydedir. Cronbach’s
o degeri 0,962, pA degeri 0,965 ve birlesik giivenilirlik (pC) degeri 0,972
olarak hesaplanmugtir. Bu degerler, 6l¢iim aracinin miitkemmel diizeyde igsel
tutarlihiga sahip oldugunu gostermektedir (o0 > 0,90). Yakinsak gegerligi
degerlendirmek i¢in kullanilan ortalama varyans agiklamasi (AVE) degeri ise
0,898 olarak bulunmugtur. AVE > 0,50 kosulunun fazlasiyla saglanmasi,
kullanilan gostergelerin, temsil ettikleri yapinin varyansini yiiksek oranda
agikladigini dogrulamaktadir.

Ayrim Gegerligi: Ayrim gegerligi iki farkh yontemle test edilmistir. Tlk
olarak HTMT (heterotrait-monotrait ratio) degeri, BITHE ile GSYIH/kisi
arasindaki iligki igin 0,812 olarak bulunmus ve o6nerilen < 0,85 sinirimnin
alinda kalmigti. Bu sonug, yapilarin birbirinden yeterince ayristigin
gostermektedir. Tkinci olarak, Fornell-Larcker kriterine gore her yapinin
AVE karekokii, diger yapilarla olan tiim korelasyon degerlerinden daha
biiyiiktiir. Bu bulgular birlikte ele alindiginda, 6l¢iim modelinin hem gegerli
hem de giivenilir oldugu ve yapilar arasinda ayrim yapilabildigi sonucuna
ulagilmigtir. Bu da yapisal model analizlerinin saglam temellere dayandigini
ortaya koymaktadir.

4.2. Yapisal Model Bulgular:

Yapisal esitlik modelinin analizinde, BITHE ile GSYTH/kisi arasindaki
iligkinin giicti, yonii ve agiklayiciigr kapsamli bigimde degerlendirilmistir.
Bulgular, modelin istatistiksel olarak anlaml ve yiiksek derecede uyumlu
oldugunu gostermektedir.

Yol Katsayilar1 ve Etki Biiyiikliigii: Yapisal modelde, BITHE’den
GSYIH/kisi’ye dogru olan dogrudan etkinin yol katsayisi B = 0,799 olarak
bulunmugtur ve bu iligki istatistiksel olarak yiiksek diizeyde anlamlidir (p <
0,001). Bu sonug, BITHEnin bir birimlik artigin, kisi bagina diisen gelirde
yaklagik 0,8 birimlik artiga yol agtigini gostermektedir. Etki biiytikligii £2 =
1,771 olarak hesaplanmustir. Cohen’in (1988) siniflamasina gore £2 > 0,35
“bliyiik” etkiyi temsil ederken, bu degerin ¢ok iizerinde kalan bulgumuz,
BITHE’nin ekonomik giktilar iizerindeki etkisinin oldukga giiglii oldugunu
ortaya koymaktadir. Bu durum, BITHEnin dijital déniisiimle ekonomik
refah arasindaki koprii roliinii vurgulayan literatiirle tutarhdur.
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Agiklanan Varyans ve Kollinearite: Bagimli degisken olan GSYTH /kisi
igin hesaplanan determinasyon katsayis1 (R?) 0,639°dur. Bu deger, modelin
kisi bagina diisen gelirdeki varyansin %63,9’unu agikladigini gostermektedir.
R? degerinin 0,33-0,67 arahginda olmasi, orta-yiitksek diizeyde bir
agiklayiciliga  kargihk gelmekte ve BITHE’nin ekonomik performans
tizerindeki giiglii belirleyiciligini desteklemektedir.

Kollinearite sorununu test etmek amaciyla incelenen i¢ VIF degerleri tiim
yapilar i¢in 1,0 olarak bulunmug ve bu durum, modelde herhangi bir ¢oklu
dogrusal iligki problemi olmadigini gostermistir. Yansitici gostergelere ait
dig VIF degerlerinin 4,8-7,1 araliginda kalmasi ise literatiirde kabul edilen
<10 esik degerine uygundur.

Model Uyum Istatistikleri: Modelin genel uyumuna iliskin
degerlendirmelerde SRMR ve NFI indeksleri dikkate alinmigtir. Hesaplanan
SRMR = 0,031 olup, onerilen 0,08 siirinin oldukea altinda kalmaktadur.
NEFI degeri ise 0,948 olup, > 0,90 simur degeri agilmigtir. Bu bulgular,
yapisal modelin gozlemlenen veriye yiiksek diizeyde uyum sagladigini teyit
etmektedir. Ayrica, d_ULS ve d_G gibi model uyumu alternatif 6l¢iitlerinin
diisiik degerler almasi, tahmin edilen model ile doygun model arasindaki
farkin oldukga sinirli oldugunu gostermektedir. Sonug olarak, gelistirilen
model BITHE’nin ekonomik ¢iktilar iizerindeki etkisini istatistiksel olarak
giiglii, anlamli ve giivenilir bigimde temsil etmektedir.

5. SONUC VE TARTISMALAR

Bu cahigma, BITHE’nin dort temel boyutunu yansitici bigimde
modelleyerek  dijital  hazirhigin - ekonomik refah {izerindeki  etkisi
degerlendirmistir. Elde edilen bulgular, hem 6lgtim hem de yapisal model
diizeyinde yiiksek gegerlik, giivenilirlik ve agiklama giicii ortaya koymustur.
Bu boliimde sonuglar ii¢ eksende tartisilmaktadir: (1) ekonomik ¢ikarimlar,
(2) karsilagtirmali degerlendirme ve literatiir katkisi, (3) politika etkileri.

5.1 Ekonomik Cikarim

Yapisal model sonuglari, BITHE — GSYIH/kisi yolunun giiclii ve
istatistiksel olarak anlamlidir. Bu bulgu, ag hazirhgindaki bir birimlik artigin,
kigi bagmna diigen gelirde yaklagik 0,8 birimlik artigla sonuglanmaktadir.
BITHE’in makro iktisat literatiiriinde nadiren gozlenen dlgiide giiglii bir
doniistiirticii rol tistlendigini gostermektedir.

Model GSYTH/kisi varyansinin %63,9unun yalmzca BITHE tarafindan
agiklandigini gostermekte; bu da dijital hazirhgin ekonomik biiyiime igin
kritik bir kaldirag iglevi gordiigiinii ortaya koymaktadir. Coklu dogrusal
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baglantilar agisindan kollinearite sorunu olmadigini dogrulamigtir. Modelin
uyum istatistikleri, SEM modelinin gozlemlenen veriyle yiiksek diizeyde
ortiigtiigiinii teyit etmektedir.

Bu sonuglar, dijital teknolojilerin yalnizca tiretkenligi artirmakla kalmayip
dogrudan ekonomik g¢iktilara da katki sundugunu; dijital hazirhgin gelir
yaratimi tizerindeki etkisinin istatistiksel olarak giiglii ve pratikte anlamli
oldugunu gostermektedir. BITHE 2024 raporunda vurgulanan Dijital Kamu
Ozel Ortakliklarinin ekonomik biiyiimeyi tetikleyici rolii, bu iliskinin sadece
teknolojik degil, yonetisim ve insan sermayesi boyutlariyla da biitiinciil
oldugunu gostermektedir.

5.2 Karsilagtirmali Degerlendirme ve Literatiir Katkis1

Caligma, BITHE nin dort boyutlu 6zgiin yapisint koruyarak olusturulan
yiiksek diizey bir yapiyr modellemis; boyutlar arasinda yiiksek faktor yiikleri
(0,939-0,958) ve dengeli agirhiklar (w = 0,24-0,28) elde edilmistir. Bu
bulgular, BITHE’in alt bilesenlerinin birbirini tamamlayarak ekonomik
ciktilar tizerinde birlikte daha giiglii bir etki yarattigini gostermektedir.

Avrupa Komisyonu Ortak Aragtirma Merkezi'nin 2024 yih BITHE
denetimi de birlesik endeks siralamalarinimn, tekil stitunlara gore %14-18
oraninda daha farkli ve etkili sonuglar irettigini raporlamigtir. Bu, gok
boyutlu ve biitiinciil modellemenin tstiinliigiinii istatistiksel olarak da teyit
etmektedir.

Ote yandan, mevcut literatiirde BITHE’nin bilesenleri gogunlukla
bagimsiz degisken olarak incelenmekte; biitiinciil yapmin etkisi ¢ogu
caliymada ihmal edilmektedir. Yakin donemde yapilan bazi Bayesian Belief
Network temelli analizler dort siitun arasindaki karsihkli bagimliliklar:
olasiliksal ¢ergevede ele alarak bu boglugu kapatmaya galigmig; bu galigma
ise yapisal esitlik modellemesiyle deterministik ve Olgiilebilir bir ¢oziim
sunmustur. Bu yoniiyle mevcut arastirma, BITHE’nin teorik gecerligi
ve eckonomik etki giiciine iligkin literatiire nicel ve yontemsel bir katki
sunmaktadr.

5.3 Politika Etkileri

Bulgular, dijital dontigiim politikalarinin -~ entegre  bir  yaklagimla
tasarlanmasi gerektigini gostermektedir. Yalnizca altyapiya degil, aym
zamanda insan sermayesi ve yonetigim reformlar1 alanlarina ey zamanh
yatirim yapilmasi gerektigini gostermektedir. Elde edilen bu ¢ikt1 yatirimin
stirdiirtilebilir olmasini saglayacaktir.
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BITHE 2024 raporunda da belirtildigi iizere, “Isletmeler” ve “Giiven”
alt boyutlar, djjitallesmenin etkili olabilmesi i¢in kritik gegcis noktalaridir.
Bu nedenle, tilkeler:

« BITHE’nin dort boyutunda denge gozeten dijital kalkinma planlari
olusturmali,

 Zayif alanlar1 hedefleyen “ag hazirhg: paketleri” geligtirmeli,
* Dyjital kamu 6zel ortakliklarint artirmal,

* Yasam boyu 6grenme ve dijital beceri egitimleriyle nitelikli is giicii
yetigtirmelidir.

Ayrica, dijital ugurumun azaltilmas: (cinsiyet, bolge, gelir gibi farklar)
uzun vadeli kalkinma agisindan kritik 6neme sahiptir. Evrensel hizmet
tonlari, hedefli siibvansiyonlar ve dijital kapsayicilik programlari, yalmzca
ckonomik biiytimeyi degil, esitligi ve stirdiiriilebilirligi de destekleyecektir.

5.4. Siirhiliklar ve Gelecek Caligmalar igin Oneriler

Bu calisma, BITHEYi iceren bir model araciligiyla analiz etmistir. Elde
edilen bulgular, dijital hazirhk diizeyindeki artigin kigi bagina diigen gelir
iizerinde son derece giiglii ve anlaml1 bir etki yarattigini ortaya koymaktadir.
Bununla birlikte, ¢aligmanin kapsami ve yontemi gergevesinde bazi
sirhliklar da bulunmaktadir. Bu noktalar, gelecek aragtirmalar agisindan
degerli agilimlar sunma potansiyeli tagimaktadir.

Tlk olarak, galigma tek yillik (2024) kesit verilerine dayanmaktadir. Bu
durum, modeldeki iligkilerin korelasyon diizeyinde degerlendirilmesine
yol agmaktadir. Gelecekte uzunlamasina veri setlerinin kullanilmasi, dijital
doniisiimiin ekonomik ¢iktilar {izerindeki zaman igindeki etkilerinin daha
giiglii bicimde test edilmesine olanak taniyabilir. Ozellikle panel veri analizleri
veya zaman serisi teknikleri kullanilarak nedensel iligkilerin incelenmesi,
alana 6nemli katkilar saglayacaktir.

Ikinci olarak, gahigmada BITHE yalnizca dort ana boyut iizerinden
modellenmigstir. Oysa endeksin yapist ¢ok daha zengindir; 12 alt siitun ve
54 gostergeden olugan ¢ok katmanli bir igerik barindirmaktadir. Bu agidan,
ilerleyen galigmalarda ikinci diizey yapilarla (High-Order Constructs SEM)
bu detaylarin modele entegre edilmesi, dijital hazirhgin bilesenlerinin
goreli etkilerinin daha ayrintili sekilde anlagilmasina katki sunabilir. Bu tiir
bir yaklagimmn uygulanmasinda, gostergeler arasi yiiksek korelasyonlarin
yonetilebilmesi i¢in boyut indirgeme tekniklerinin de dikkate alinmasi
onerilmektedir.
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Uglincii olarak, dijitallesmenin ekonomik refah iizerindeki etkisinin hangi
stiregler araciligiyla ortaya ¢iktig1 bu calismanin kapsami diginda kalmugtir.
Inovasyon kapasitesi, insan gelismisligi ya da esitsizlik diizeyleri gibi aract
degiskenlerin bu iligkide oynadig roliin gelecek aragtirmalarda ele alinmast,
dijitallesmenin etkilerini daha agiklayict bir gergevede degerlendirmeyi
miimkiin kilacaktir.

Son olarak, ¢aligmanin odagr makroekonomik diizeyde kurulmug bir
modele dayanmaktadir. Oysa djjital teknolojilerin sektorel diizeydeki etkileri
farklilagabilmektedir. Tarim, sanayi ve hizmet sektorleri gibi alanlarda
dijitallesmenin yansimalarinin ayri ayn incelendigi galigmalar, politika
yapicilar agisindan daha hedefli ¢6ziim onerileri gelistirilmesine imkan
tantyacaktir.

Bu oneriler dogrultusunda gelistirilecek ¢aligmalar,  dijitallesmenin
kalkinma tzerindeki roliine dair daha biitlinciil ve derinlikli anlayislar
kazandirabilir. Boylelikle dijital doniigim politikalarinin daha etkin ve
kapsayict bigimde tasarlanmasina bilimsel bir zemin hazirlanabilir. Bu
baglamda, mevcut ¢alismanin BITHE nin dort temel boyutuyla biitiinciil bir
yapida ele alarak ekonomik refah {izerindeki etkisini ampirik olarak ortaya
koymast, literatiirdeki bosluklarin giderilmesine ve gelecek aragtirmalara yon
gosterilmesine katki saglamaktadir.
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Chapter 2

Structural Topic Modeling of Artificial
Intelligence Research in Human Resource
Management

Gizem Dilan Boztag!

Abstract

The widespread adoption of artificial intelligence technologies has led to
comprehensive transformations within organizations. One of the most critical
areas affected by this transformation is human resources. In this regard, the
study examines the publication performance, research topics, and temporal
evolution of the literature on artificial intelligence in human resources
management. In the study, 1.999 peer-reviewed publications obtained from
the Scopus database over the past ten years were analyzed using the structural
topic modeling method, which is a topic modeling approach. As a finding
of the analysis, 19 topics were identified. Furthermore, the findings reveal
that research on artificial intelligence in human resources management has
demonstrated an exponential growth trend during the period of 2016-2025.
In terms of topic proportions, the most frequently studied themes were
identified as “Digital Transformation in Human Resources Management,”
“Ethical Recruitment,” and “Chatbot Applications,” while “Knowledge
Management,” “GenAl in Assesment” and “Talent Acquisition” were
represented at comparatively lower levels. The trend analysis further shows
that “Ethical Recruitment,” “Green Human Resources Management,”
“Adoption of Innovation,” “Digital Transformation in HRM” and “GenAI
in Evaluation” have exhibited consistent growth, whereas “Internet of
Things,” “Agile Team Management,”
Networks,” “Project Management,” and “Robotics” have followed a declining
trajectory. On the other hand, it was also identified that “Machine Learning,”
as a fundamental technology, and “Chatbot Applications,” as one of the most
frequently studied themes, did not display statistically significant trends.

“Decision Support,” “Artificial Neural

Overall, the findings indicate that research on artificial intelligence in human
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resources management has been shifting its focus from purely technical
aspects toward dimensions such as ethics, sustainability, and social impacts;
however, this transformation has so far taken place only at a limited level.

1. INTRODUCTION

The adoption of artificial intelligence (AI) within organizations has
reshaped how firms generate and deliver value. In particular, the rapid
advancement of machine learning and natural language processing two
key branches of AI has strengthened the capacity of enterprises to base
their decisions on data, thereby improving efficiency in operations.
These developments have accelerated the integration of Al into not only
management practices but also diverse organizational units. Among these,
human resources management (HRM) stands out as one of the areas most
notably influenced by Al-driven solutions.

In recent years, the acceleration of digital transformation has driven the
digitalization of HRM processes, reshaping HRM practices by fostering a
shift toward innovative, data-driven approaches (Vrontis et al., 2022). Today,
AT in HRM plays a crucial role in a wide range of processes, including the
use of chatbots in recruitment (Shenbhagavadivu et al., 2024), predictive
analytics in candidate evaluation, performance assessment of employees, and
the management of training programs (Dima et al., 2024). Furthermore,
research suggests that a significant shift in the global workforce due to
Al is imminent. For instance, the World Economic Forum projects that
by 2030, AI and computing technologies will create 11 million new jobs
while eliminating 9 million existing ones. The same report highlights
that approximately one-third of tasks will be performed by machines and
another one-third through human-machine collaboration (World Economic
Forum, 2025). These projections underscore the strategic role of HRM and
emphasize the need for a redefinition of HR professionals’ roles.

While AI creates opportunities in the HRM context, it also introduces
notable challenges. (Palos-Sdnchez et al. (2022) examine these opportunities
and challenges across three dimensions: employees, enterprises, and society.
From the employee perspective, automation of routine tasks by Al presents
an opportunity to focus on more analytical and strategic roles (Murphy,
2024). Another key benefit is the acceleration of reskilling processes, as Al
supports personalized training programs that enable employees to adapt to
the digital era (Gorowara et al., 2024). At the same time, challenges such as
job insecurity, techno-stress, ethical concerns, and weakened interpersonal
relationships due to human-machine interaction have been widely reported
(Ali et al., 2024; Du, 2024; E Khan & Hagglund, 2025).
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From the enterprise perspective, Al offers significant opportunities
across a broad spectrum of HRM processes, ranging from recruitment to
performance evaluation and talent development, by enhancing efficiency,
reducing costs, and supporting data-driven decision-making (Kadirov
et al.,, 2024). However, high integration costs, algorithmic biases, data
privacy issues, and gaps in ethical governance represent important risks
for enterprises (Du, 2024). At the societal level, the use of Al in HRM is
reshaping employment structures, creating new job categories, and fostering
more inclusive workforce models. Nevertheless, it also brings serious risks
such as the deepening of the digital divide and increased unemployment
(Bircan & Ozbilgin, 2025). Consequently, the sustainability and ethical
deployment of Al in HRM depend on balanced strategies that require
collaboration among employees, enterprises, and society.

The use of Al tools in HRM has enhanced processes, making them
more streamlined and effective, and has created a strong momentum toward
shaping the future of this field. This trend has also elevated the academic
relevance of the topic. The expanding research on AI within HRM offers
important insights into its influence on organizational practices nevertheless,
the fast-growing volume of studies makes it challenging to obtain an overall
perspective. This fragmented nature underlines the necessity for a holistic
evaluation of the area. Previous research indicates that most works are based
on systematic reviews (Madanchian et al., 2023) or bibliometric analyses
(Laviola et al., 2024), often based on relatively small samples. While these
contributions are valuable, only a few studies have made use of topic
modeling to explore the incorporation of Al into HRM.

The purpose of this study is to examine the body of research on Al in
HRM from the past ten years by applying the structural topic modeling
method, with the goal of uncovering the key research themes and their
evolution over time. Consistent with this objective, the following research
questions are posed:

RQ1I1: What are the publication performance of research on AI in HRM:?
RQ2: What are the main research topics of AI in HRM:?
RQ3: What are the temporal trends of AI in HRM research topics?

2. LITERATURE REVIEW

The increasing use of Al technologies in HRM has generated considerable
interest in both academic and practical contexts. In line with this trend,
literature reviews in the field aim to identify the scope of existing studies,
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their methodological diversity, and the research gaps. As previously noted,
these review studies can generally be categorized into two dimensions:
systematic literature reviews and bibliometric analyses.

Within this framework, Gélinas et al. (2022) analyzed 85 studies and, in
addition to six classes of the human resources lifecycle, proposed a seventh
dimension entitled “Legal and Ethical Issues.” Similarly; Jatoba et al. (2023)
reviewed 61 articles and demonstrated that the AI-HRM literature clusters
into four thematic groups: “Strategic HR and Artificial Intelligence,”
“Recruitment and Artificial Intelligence,” “Training and Artificial
Intelligence,” and “The Future of Work.” Tuftaha (2023), in a review of
34 studies, revealed that biased Al applications could negatively influence
core HRM functions such as recruitment, performance management,
compensation, and training. In another study, Dima et al. ( 2024) examined
43 investigations into Al in HRM and highlighted the opportunities and
challenges in this field. Finally, Bujold et al. (2024) evaluated 107 articles
and noted that most studies focused primarily on technical aspects, while
principles of responsible Al—such as bias, transparency, and ethics—were
insufficiently addressed.

Similar findings were also reported in bibliometric analyses. For
example, Palos-Sanchez et al. (2022) examined 73 studies in the context
of Al in HRM using bibliometric methods and found that most research
focused on recruitment and selection processes, while other HRM subfields
were relatively neglected. Mathushan et al. (2023), analyzing 67 articles,
demonstrated that the HRM-AI field represents a continuously evolving
resecarch domain and identified ten clusters ranging from multi-agent
systems to human-robot interaction. Kaushal et al. (2023), through the
evaluation of 344 studies, reported that Al has been particularly integrated
into fundamental HRM functions such as recruitment, selection, orientation,
training, and performance analysis, while also playing a central role in talent
acquisition, management, and retention. Supporting these findings, Arora
et al. (2024), in their study of 1,414 articles, identified a growing interest
in the application of diverse Al techniques in HRM, thereby confirming the
field’s increasing relevance. More recently, Benabou and Touhami (2025),
through a systematic literature review and bibliometric analysis of 77 studies,
examined the current state of Al applications in HRM and identified three
key themes: the transformative role of Al, human—AI collaboration, and the
opportunities and challenges of applications. Similarly, Kost1 and Kayadibi,
(2025), in their bibliometric analysis of 522 studies, revealed a shift in
research focus from technical infrastructure toward more human-centered
and ethical dimensions.
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In addition to the prevalence of systematic literature reviews and
bibliometric analyses, only a limited number of studies have examined Al-
HRM research using topic modeling approaches. For instance, Venugopal
et al. (2024) applied the BERTopic method to 389 AI-HRM studies. Their
findings showed that Al proved beneficial in key HRM activities such as
hiring, employee retention, and managing performance, while at the same
time drawing attention to ethical challenges like algorithmic bias, protection
of personal data, and building employee trust.

As the literature review suggests, existing studies have largely concentrated
on identifying the main themes, opportunities, and challenges in HRM-AI.
However, most of these works provide general assessments of the field and
do not thoroughly address the temporal evolution of research topics. Against
this backdrop, the present study aims to analyze the thematic structure and
temporal dynamics of Al applications in HRM based on a comprehensive
dataset of 1.999 studies, employing the structural topic modeling method.
By virtue of its large sample size and the use of a distinct methodology, this
study distinguishes itself from prior research and is expected to contribute
original insights to the HRM-AI literature by providing a more in-depth
understanding of the field.

3. METHOD

3.1. Structural Topic Modeling (STM)

Topic modeling is a text analysis method that uncovers hidden themes in
documents by examining word distributions (Blei, 2012). The STM model,
introduced by Roberts et al. (2013), builds on Latent Dirichlet Allocation
(LDA), one of the most common techniques in this area. However, unlike
LDA, STM incorporates metadata associated with the text (e.g., year,
gender, etc.) into the analysis process, thereby overcoming this limitation of
LDA (Park et al., 2025; Roberts et al., 2016). Metadata in STM can be used
to capture either topic prevalence, topic content, or both. Topic prevalence
refers to the extent to which a document is associated with a particular topic,
and the inclusion of metadata as a covariate allows topic distribution to vary
according to the selected variable. Topic content, on the other hand, refers
to the words selected to represent a given topic. Incorporating metadata
as a content covariate enables the choice of words within a topic to vary
depending on the specific context (e.g., year, gender, platform). These
advantages render STM more powerful than traditional topic modeling
approaches. In sum, by modeling texts contextually, STM enables deeper
analyses compared to classical LDA (Roberts et al., 2019).
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3.2. Data Collection and Preprocessing

One of the most critical steps in topic modeling studies is the construction
of a suitable and reliable dataset. For this purpose, the Scopus database,
which is internationally recognized for its high academic credibility, was
selected. To construct the dataset, academic publications containing the
terms “human resource management” and “artificial intelligence” in their
titles, abstracts, or keywords were retrieved from Scopus. After applying the
necessary filters, a total of 1,999 peer-reviewed academic studies published
in English between 2016 and 2025 were obtained.

Since the quality of data preprocessing directly affects both the
performance of the model and the interpretability of the findings, this
process was carried out meticulously. Accordingly, a systematic four-step
preprocessing procedure was implemented. First, all words in the texts
were converted to lowercase. Second, web links, numerical expressions,
punctuation marks, and special symbols were removed from the dataset.
Third, meaningless English stopwords (e.g., the, and, or, a, an) were
eliminated. Finally, lemmatization was performed to reduce words to their
meaningful root forms. After completing these steps, the cleaned text data
were transformed into numerical form using the bag-of-words approach,
and a document-term matrix was constructed on this basis.

3.3. Data Analysis

In this research, the STM method was applied to uncover latent topics
within the texts. As STM functions as an unsupervised learning model, the
precise determination of the topic number (k) plays a crucial role in ensuring
valid and reliable outcomes. Choosing an excessively high k may result in
overlapping or narrowly specified topics, whereas setting it too low can
lead to overly broad and ambiguous topics (Ulstein, 2024 ). To address this,
several trial models were tested with k values ranging between 10 and 40 in
order to determine the most suitable number of topics for the dataset.

These models were evaluated based on the metrics of semantic coherence
and exclusivity. Semantic coherence measures the extent to which the
identified topics are perceived as meaningful by humans, specifically
assessing how semantically related the most probable words within a topic
are. Exclusivity, on the other hand, evaluates the uniqueness of a topic by
examining how frequently its dominant words appear in other topics (Chen
et al., 2024). Topics with higher exclusivity scores contain more specific and
distinguishable words, thereby facilitating interpretation.
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Based on these evaluations, it was determined that the highest semantic
coherence and exclusivity scores were obtained when k = 19 (Figure 1).
Accordingly, subsequent analyses were conducted using a 19-topic structure.
In addition, publication year was incorporated into the model as a metadata
covariate. During the interpretation process, both the highest probability
words and the FREX words calculated as the weighted average of frequency
and exclusivity scores to capture the relative importance of words within
topics were considered. On the basis of these two measures, meaningful and
representative labels were assigned to each topic.

Finally, the temporal trends of the identified topics were determined
using the Mann-Kendall statistical test. All analyses were conducted in the
RStudio environment using the “stm” package.
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4. RESULTS

4.1 Publication Performance (RQ1)

The findings regarding the progression of 1.999 studies on AI in HRM
conducted between 2016 and 2025 are presented in Figure 2. The figure
shows that research on the use of AI in HRM has exhibited an exponential
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upward trend over the years. During the 2016-2019 period, the share of
publications within the total remained limited, ranging between 2% and
5%. However, starting in 2020, a noticeable acceleration occurred, with this
share rising to the range of 7%-11%. In the years 2023-2025, a substantial
surge was observed, as the number of publications increased from 328 to
430, accounting for approximately 16%-22% of the total.
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Figure 2. Yearly Distribution of Publications

4.2. Topic Identification (RQ2)

Table 1 displays the 19 topics derived from the STM analysis, together with
the most influential keywords, their relative proportions in the corpus, and
the assigned labels. The topics are organized in descending order according
to their share within the text. Examination of the table shows that the
most prominent theme in the HRM-AI literature is “Digital Transformation
in HRM” (6.33%). This is followed by “Ethical Recruitment” (6.23%)
and “Chatbot Applications in HRM” (6.00%). Conversely, topics studied
at comparatively lower levels include “Knowledge Management in HRM”
(3.62%), “GenAl in Evaluation” (2.76%), and “Talent Acquisition”
(2.27%).
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Table 1. Labels, Keywords, and Rate for 19 Topics

Highest Probability Rate
No |Topic Label Words FREX (%)
digital, transformation, digital, transformation,
Digital industry, change, manufacturing, customer,
Transformation | automation, customer, blockchain, revolution,
in HRM company, sector, machine, | industry, digitalization,
16 smart product, smart 6.33
employee, recruitment, bias, recruitment,
Ethical workplace, workforce, workplace, retention,
. bias, retention, concern, | privacy, fairness,
Recruitment .
selection, impact, workforce, concern,
4 efficiency selection, stress 6.23
application,
field, function chatbot, marketin
Chatbot > > b ng,
. . . | company, chatbot, behaviour, function,
Applications in . . .
HRM tool, opportunity, field, interview, analyse,
development, interview, | organisation, managerial,
7 manager opportunity 6
enterprise, development,
. big, intelligent enterprise, financial, bi
Intelligent g intetigent, Prise, 1 a5, Dig,
Svsterns application, financial, accounting, intelligent,
Y company, analyze, internal, reform, mode,
5 personnel, promote forward, modern 591
platform, iot, application, |device, iot, sensor, city,
Internet of  |smart, thing, device, record, thing, computing,
Things (IoT) |sensor, internet, realtime, |detection, platform,
1 detection camera 5.73
machine, learning,
Machine Cmpl'oyee, accuracy, turnover, attrition,
. predict, algorithm predict, dataset, accuracy;
Learning > . L] .
feature, technique, forest, classifier, machine,
14 turnover, dataset nlp, resume 5.63
risk, safety, control,
. operation, securi safety, plant, control, risk
Occupational p = % =0, plant | >
Safety worker, maintenance, accident, maintenance,
production, personnel, gas, helmet, security,
12 monitoring transportation 5.6
industry, job, worker, tourism, hospitality, job,
HRM in skill, change, people, labor, hotel, employment,
Tourism future, tourism, market, | industry, worker,
9 hospitality disruptive, market 5.3
project, software, project, software,
. manager, development, | engineering, stakeholder,
Project Lo .
engineering, stakeholder, | cycle, phase, lifecycle,
Management .
framework, tool, quality, | product, manager,
13 skill workshop 5.12
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network, algorithm, scheduling, neural,
Neural neural, propose, network, energy,
Network scheduling, energy, staff, |consumption, allocation,
Algorithms | technique, allocation, text, building, minimize,

11 support fault 4.87

adoption, employee, adoption, positively,
Innovation .relation?.hip, impa.ct, relatiqnship, str}lctural,
Adoption innovation, examine, equation, perceive,

investigate, reveal, positive, readiness, rpa,

15 positive, collect intention 4.71
education, training, education, university,

Training in | high, quality, university, | training, weight, quality,
HRM algorithm, personnel, high, school, ability,

10 efficiency, ability, propose | calculation, experimental |4.66

decision, support, decision, treatment,
Decision recommendation, expert, | recommendation, expert,
Support group, staff, order, rank, making, support,
3 people, selection, propose | fit, fuzzy, preliminary 4.52
robot, autonomous,
task, robot, interaction, | trust, coordination,
Robotics trust, algorithm, worker, | task, uncertainty, action,
coordination, team, mission, multiagent,

18 autonomous, action coordinate 4.19
performance, employee, | green, performance,
sustainable, green, sustainable, ghrm,

Green HRM | environmental, behavior, |environmental, appraisal,
training, impact, employee, motivation,

6 development, goal behavior, corporate 3.99
team, member, agile, agile, member, team,

Agile Team teamwork, change., . _teamwork, huma}nai,
Management | SUPPOI communication, | intervention, active,
g
manager, dynamic, share, cognition,
2 performance coordination 3.97
knowledge, service, knowledge, transfer,
Knowledge | healthcare, create, service, ict, healthcare,
Management in | company, innovative, sharing, community,
HRM support, transfer, innovative, exchange,
8 solution, customer cyber 3.62
generative, chatgpt,
GenAT in assessment, generative, assessment, gcnai,.
Assement soc1a.1, tool, chatgpt? admlmstratwf:, gai,
genai, task, application, | prompt, medium,

17 administrative, question | question, feedback 2.76
talent, firm, acquisition, | talent, employer,

Talent employer, competitive, acquisition, firm, brand,
Acquisition | skill, advantage, hiring, hiring, reputation, hire,
19 hire, structure competitive, qualified 2.27
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4.3. Temporal Evolution of Topics (RQ3)

The temporal changes and trends of the 19 topics reflecting research on
Al in HRM over the past decade are presented in Figure 3 and Table 2.
As shown in Figure 3, the topics “Ethical Recruitment,” “Green HRM,”
“Innovation Adoption,” “Digital Transformation in HRM,” and “GenAI
in Assement” have exhibited a steady increase, becoming more prominent
over time. The findings in Table 2 confirm that these upward trends are
statistically significant. In contrast, the topics “Internet of Things,” “Agile
Team Management,” “Decision Support,” “Knowledge Management in
HRM,” “Neural Networks,” “Project Management,” and “Robotics” have
displayed a declining trend over the years, and these trends are statistically
significant as well. The remaining seven topics—“Intelligent Systems,”
“Chatbot Applications in HRM,” “HRM in Tourism,” “Training in HRM,”
“Occupational Safety,” “Machine Learning,” and “Talent Acquisition”—did
not demonstrate any statistically significant upward or downward trend
during the past decade.
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Table 2. Trend Analysis of the 19 Topics

Topics N z P-value Direction
Internet of Things (IoT) -35 | -3.041| 0.00236** W
Agile Team Management 27 | -2.326 0.02* IR
Decision Support -37 -3.22 0.00128** W
Ethical Recruitment 37 3.22 0.00128** "
Intelligent Systems 3 0.179 0.858 "
Green HRM 43 3.757 | 0.000172*** N
Chatbot Applications in HRM 19 1.61 0.107 "
Knowledge Management in HRM -33 -2.862 | 0.00421** W
HRM in Tourism 11 0.894 0.371 "M
Training in HRM 9 0.716 0.474 "M
Artifical Neural Networks -31 -2.683 | 0.00729** Wi
Occupational Safety -19 -1.61 0.107 L
Project Management -35 -3.041 | 0.00236** L
Machine Learning 9 0.716 0.474 "
Innovation Adoption 39 3.399 | 0.000677*** "
Digital Transformation in HRM 27 2.326 0.02* "M
GenAl in Assement 23 1.968 0.0491* "M
Robotics -41 | -3.578 | 0.000347*** N
Talent Acquisition 7 0.537 0.592 "M

Note: *** p < 0.001, ** p < 0.01, * p < 0.05; p = 0.05. Direction: 1 indicates increase,
| indicates decrease. S and z denote the Mann-Kendall test and the z-test, vespectively.

5. DISCUSSION

5.1. Publication Performance

Research on Al in HRM demonstrated an overall upward trend during
the 2016-2025 period. The acceleration in publication numbers, particularly
after 2020, indicates the influence of the pandemic in this field. Moreover,
the rapid growth observed from 2023 onwards reflects the increasing
popularity of artificial intelligence technologies, especially generative
artificial intelligence applications. These findings, consistent with previous
studies, reveal that the use of artificial intelligence in HRM has recently
emerged as a rapidly growing research domain that is gaining significant
attention among scholars (Kost1 & Kayadibi, 2025).
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5.2. Topic Identification

As a finding of the analysis, 19 topics were identified and evaluated
according to their proportions within the corpus. Within the scope of this
study, the discussion focuses on the three most prominent topics and the
three least popular ones.

The findings indicate that the most dominant theme in the HRM-
AT literature is “Digital Transformation in HRM” (Table 1). Digital
transformation represents one of the core notions of today’s era. With its
interdisciplinary nature, it extends its impact across a wide range of fields.
Owing to its interdisciplinary character, it exerts influence across multiple
domains and offers wide-ranging applications based on collaboration across
various sectors (Gurcan etal., 2023). Importantly, digital transformation does
not solely represent technological change but also entails a comprehensive
process that requires organizations to redefine their business practices and
reassess their human capital (Qureshi, 2023). Consequently, HR functions
occupy a central position in this strategic transformation. The acceleration
of digitalization after the pandemic, the rise of flexible working models,
and the widespread adoption of artificial intelligence technologies have
collectively fostered intensive implementation of digital transformation in
core HR areas such as recruitment, performance management, and employee
development (Dyakiv et al., 2024). Taken together, these elements explain
why digital transformation has emerged as the most salient and up-to-date
theme in the HRM-AI literature, consistently attracting scholarly attention.
Another key topic that stands out is “Ethical Recruitment”, a finding that
is consistent with previous studies (Kaushal et al., 2023; Venugopal et al.,
2024). In recent years, the ethical dimension has increasingly been addressed
across multiple HR subdomains, including recruitment processes (Kosti
& Kayadibi, 2025). The prominence of this topic can be attributed to the
challenges arising from the integration of Al into recruitment practices.
Raghavan et al. (2019) reported that the use of Al in hiring raises concerns
regarding bias, fairness, and transparency. Because AI models are trained on
past data, they may reproduce biases and lead to unequal treatment based
on attributes like gender, age, or ethnicity, which in turn intensifies ethical
discussions. In addition, the European Union’s Al Act defines Al systems
used in recruitment as “high-risk” systems (European Commission, 2024),
which further explains the prioritization of this issue by researchers. A third
priority topic identified in this study is “Chatbot Applications in HRM.”
The growing interest in this topic is largely explained by the potential of
chatbots to reduce the routine workload of HR professionals. Chatbots can
efficiently conduct preliminary interviews, answer frequently asked questions,
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and carry out initial screening during recruitment, thereby streamlining the
process for both candidates and HR specialists (N. Khan & Waseem, 2025).
Furthermore, the widespread adoption of remote recruitment practices during
the pandemic made chatbots even more visible in HR contexts. Beyond
recruitment, chatbots also provide valuable support in training, employee
development, and performance management (Sangu et al., 2024). Another
notable result of this research is the recognition of underexplored areas within
the HRM-AI literature. For instance, “Knowledge Management in HRM”
has received comparatively little scholarly attention. This limited emphasis
may be due to the fact that Al applications in HRM tend to concentrate
more on domains like recruitment, performance evaluation, and employee
involvement, where outcomes are considered more applicable and directly
useful. Ferreira et al. (2022) emphasize that knowledge management in
HRM is more closely associated with indirect, long-term, and organizational-
level outcomes, which may account for its marginalization in short-term
application-oriented Al research.

The relatively low representation of “GenAl in Assement” may be
attributed to the novelty of generative Al technologies and the limited
number of existing studies in the literature. Moreover, the persistence of
ethical concerns surrounding AI has impeded the widespread adoption of
experimental studies in this area, further explaining this finding. Another
less prominent topic is “Talent Acquisition.” However, this finding contrasts
with the study by Kaushal et al. (2023). The discrepancy may be due to
differences in the number of publications examined and the time frame
covered. It also reflects a shift whereby researchers, in line with technological
developments, increasingly study talent acquisition not in isolation but
in connection with broader structures such as data-driven approaches,
candidate experience, and employer branding. Prikshat et al. (2023) likewise
emphasize that most HRM-AI studies concentrate on recruitment, within
which the concept of talent acquisition has been reshaped. This suggests that
researchers encounter challenges in directly associating talent acquisition
with artificial intelligence. As a finding of the analysis, 19 topics were
identified and evaluated according to their proportions within the corpus.
Within the scope of this study, the discussion focuses on the three most
prominent topics and the three least popular ones.

5.3. Temporal Trends of Topics

An examination of the findings on the temporal changes of the 19 topics
reveals that while some topics exhibit significant upward or downward trends,
others display a fluctuating trajectory over the years. For instance, “Digital
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Transformation in HRM” and “Ethical Recruitment” demonstrate steady
and statistically significant increases, confirming these as leading topics in
the field and aligning with our earlier findings. This alignment serves as
turther evidence of the internal consistency of the study. Moreover, the trend
analysis underscores that these two topics are becoming increasingly central
in HRM-AI research. Since the reasons for their growth were discussed in
detail in the preceding section, they are not repeated here. The trend analysis
corroborates and strengthens those earlier findings by situating them within
their temporal context.

Another noteworthy finding is the consistent upward trajectory of the
topic “GenAl in Assement.” The increasing trend of this topic may not
only be attributed to the novelty of generative Al technologies but also
to their direct impact on critical HRM applications such as recruitment
and performance evaluation (Manresa et al., 2024; Nyberg et al., 2025).
In addition, “Green HRM” and “Innovation Adoption” are among the
other topics that show regular and statistically significant growth. The rise
in Green HRM can be explained by organizations’ growing need to align
with sustainability goals, which increasingly influence not only operational
processes but also HRM practices. Supporting this finding, Reddy et al.
(2024) emphasized that AI contributes to transforming HR processes into
more environmentally friendly systems. The steady increase in Innovation
Adoption is closely linked to the acceleration of digital transformation
during the COVID-19 pandemic. The pandemic forced organizations to
adopt new technologies rapidly to maintain competitive advantage, with
HR professionals playing a critical role in supporting employees’ adaptation
to these technologies (Singh & Pandey, 2024). Consequently; topics related
to technological adaptation in HRM have emerged as increasingly strategic
research areas.

Conversely, the findings also indicate that topics such as “Internet
of Things,” “Agile Team Management,” “Project Management,” and
“Robotics” have exhibited a declining trend over the past decade. This
decline can be explained by the fact that these topics are typically addressed
within broader technology management or operational contexts rather than
as specific applications of AI in HRM. For example, Internet of Things and
Robotics are often associated with automation in physical processes such
as manufacturing or logistics, while Agile Team Management and Project
Management are more closely tied to organizational processes. Consequently,
scholars focusing specifically on Al applications in HRM appear to treat
these topics as secondary (Deepa et al., 2024; Prikshat et al., 2023). Another
striking finding is the downward trend observed in “Neural Networks.” This
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reflects a methodological shift in HRM-AI literature, where recent studies
have increasingly moved beyond classical neural networks toward advanced
architectures such as CNNs, RNNs, and LSTMs (Liu et al., 2023). The
declining trend in “Decision Support” can similarly be attributed to the
evolution of the concept from early rule-based systems to more mature and
sophisticated frameworks—where it is now embedded within contemporary
contexts such as digital transformation and algorithmic decision-making in
HRM (Csaszar et al., 2024).

Finally, the trend analysis indicates that several topics did not demonstrate
statistically significant trajectories. Overall, these topics attracted intermittent
scholarly attention, but their development fluctuated over the years without
showing a clear upward or downward trend (Figure 3). This fluctuation
accounts for the absence of significant long-term patterns. Two notable
examples are “Machine Learning”—a backbone of Al—and “Chatbot
Applications in HRM,” one of the most frequently studied themes in the
literature. The absence of a significant trend in Machine Learning can be
explained by its role as a fundamental enabling technology, which is rarely
examined in isolation but rather integrated into specific HRM subdomains
such as recruitment, performance evaluation, and training. By contrast,
Chatbot Applications in HRM gained substantial visibility during 2022-
2023, particularly throughout the pandemic, due to their ability to facilitate
communication, automate repetitive tasks, and provide personalized support.
However, the subsequent decline in attention after the pandemic findinged
in fluctuating research interest over time, which explains why, despite being
one of the most extensively studied topics, it did not exhibit a statistically
significant upward trajectory.

6. CONCLUSION

This research set out to explore how studies on artificial intelligence
in human resources management have evolved in terms of publication
performance, thematic focus, and overall trends. To achieve this, articles
collected from the Scopus database were systematically reviewed and
subjected to analysis. The results demonstrate that the field remains
dynamic and is continually developing. The findings indicate that digital
transformation occupies a central position in HRM-AI research in terms of
topic proportions. Furthermore, when topic proportions and trend analysis
are considered together, it becomes evident that ethical issues are increasingly
being addressed by researchers, and that GenAl technologies, despite being
in their early stage, demonstrate steady growth. The trend analysis also
points to the growing importance of sustainability at the organizational
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level. Moreover, the findings suggest that HRM-AI research is not solely
focused on technological tools but is gradually shifting toward addressing
the ethical, environmental, and social dimensions of these technologies. In
particular, the positive and significant upward trends in Ethical Recruitment
and Green HRM highlight that AT applications draw attention not only to
efficiency gains but also to their potential for creating more sustainable and
responsible workplaces. In addition, findings regarding innovation adoption
in organizations indicate that researchers also recognize the importance of
the human factor for the successful implementation of Al applications.
Overall, this study demonstrates that HRM-AI research is increasingly
shifting its focus toward the societal and managerial implications of
technology. Nevertheless, as this shift remains limited, future research should
place greater emphasis on the ethical, sustainability, and social acceptance
dimensions of Al applications in HRM.

As with any study, this research has certain limitations. First, only the
Scopus database was used; therefore, future studies could benefit from
replicating the analysis with data from multiple databases. In addition,
utilizing various topic modeling techniques and contrasting their outcomes
may offer a more comprehensive understanding of the field. Nevertheless,
despite such limitations, this study is anticipated to provide valuable guidance
for both experienced scholars and newcomers to the area.
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Chapter 3

AI-Driven Optimization Techniques for
Meal Delivery: Metropolitan Urban Logistics
Approach 3

Serkan Ozdemir!

Abstract

This chapter explores how integrating predictive modeling with route
optimization can enhance the performance of urban meal delivery systems.
Three routing strategies—Greedy, Vehicle Routing Problem (VRP), and
VRP enhanced with LSTM-based predictive rebalancing—were evaluated
across varying temporal periods throughout the day. Results show that
while VRP reduces delivery durations compared to heuristic routing,
the hybrid VRP+LSTM model achieves additional efficiency gains by
anticipating spatial-temporal demand fluctuations. These improvements
translate into lower delivery times, and greater operational stability. Policy
implications emphasize the need for open urban data infrastructures, Al-
driven optimization frameworks, and adaptive governance models to support
sustainable last-mile logistics. The study demonstrates that hybrid predictive—
optimization frameworks can significantly advance intelligent and sustainable
urban delivery networks.

1. Introduction

Urban life is increasingly characterized by speed, convenience, and
digital connectivity, with meal delivery emerging as a critical component
of this transformation. However, managing efficient delivery operations in
densely populated metropolitan areas presents significant challenges. Traffic
congestion, fluctuating demand patterns, and intricate urban layouts often
strain traditional logistics systems, leading to delayed deliveries, elevated
operational costs, and heightened environmental impacts.
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In response, artificial intelligence (AI) has emerged as a transformative
tool for urban logistics. By leveraging machine learning algorithms and
predictive analytics, Al enables real-time, adaptive decision-making that
can optimize delivery routes, forecast demand, allocate courier workloads
efficiently, and mitigate emissions (Wang et al., 2023). These techniques
shift meal delivery from a reactive to a proactive, data-driven process,
capable of navigating complex urban environments with both efficiency and
sustainability.

This chapter examines Al-driven optimization strategies for metropolitan
meal delivery, emphasizing approaches that integrate urban dynamics, fleet
management, and operational efficiency. Its originality lies in the integration
of the Vehicle Routing Problem (VRP) framework with Long ShortTerm
Memory (LSTM)-based demand forecasting to analyze the impact of dynamic
courier rebalancing on delivery efficiency. Unlike earlier studies that treated
routing and forecasting separately, this chapter presents a unified model
linking predictive demand analysis with real-time operational optimization.
By analyzing how AI can reduce delays and improve resource allocation,
the study provides practical insights for enhancing delivery performance in
high-density cities. This work also offers a forward-looking perspective on
the digital evolution of urban food delivery, highlighting the potential for
Al to create smarter, faster, and more sustainable urban logistics systems.

The chapter is organized as follows: the next section reviews the
literature on VRP and AI applications in urban logistics and food delivery;
the methodology section presents the case study and introduces the VRP-
LSTM integration and rebalancing framework; results and analyses are then
presented; and finally, the discussion and conclusion reflect on implications
for sustainable urban logistics and future research directions.

2. Literature Review

The rapid growth of urban populations, combined with the rising
demand for on-demand services, has profoundly transformed the landscape
of urban logistics. Among these services, meal delivery platforms have
become a cornerstone of modern urban economies, offering convenience
to consumers but also introducing new logistical challenges. The dense and
dynamic nature of cities creates unique constraints—ranging from traffic
congestion and variable demand patterns to narrow delivery windows—that
traditional logistics frameworks often fail to address effectively (Savelsbergh
& Van Woensel, 2016; Allen et al., 2018). Consequently, there is a growing
need for intelligent, adaptive systems that can manage these complexities
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efficiently. In this context, Artificial Intelligence (AI) has emerged as a
transformative enabler, allowing the development of data-driven and self-
learning logistics systems that optimize urban delivery operations (Goodchild

& Toy, 2018).

A core challenge in meal delivery logistics lies in the optimization of
delivery routes, commonly framed as the Vehicle Routing Problem (VRP).
The VRP involves determining optimal routes for a fleet of vehicles to
service a set of customers while respecting constraints such as delivery
time windows, vehicle capacity, and service requirements (Toth & Vigo,
2014). In the specific case of meal delivery, these constraints are even more
stringent due to the perishability of food and the high time sensitivity of
customer expectations. Over the years, traditional VRP models have evolved
into dynamic and time-dependent variants that incorporate real-time traffic
data, stochastic travel times, and fluctuating customer demands (Psaraftis et
al., 2016). More recently, AI and machine learning (ML) approaches have
turther advanced VRP solutions by enabling systems to predict and adapt to
dynamic urban conditions. Reinforcement learning, deep neural networks,
and hybrid optimization models have been applied to achieve faster, more
responsive routing decisions (Nazari et al., 2018; Kool et al., 2019).

Equally crucial to efficient meal delivery is demand forecasting, which
directly aftects how resources are allocated and scheduled. Accurate prediction
of customer demand enables platforms to plan for peak hours, allocate riders
strategically, and minimize both idle time and delayed deliveries. Al-driven
forecasting models leverage diverse data sources, including historical orders,
customer profiles, weather conditions, and local events, to forecast demand
at fine spatial and temporal resolutions. Machine learning techniques—such
as regression models, ensemble methods, and neural networks like LSTMs
and CNNs—have demonstrated superior performance in capturing non-
linear relationships in demand data (Bandara et al., 2020). Integrating these
forecasting models with routing algorithms creates a closed-loop decision
system, where anticipated demand informs vehicle routing and resource
distribution in real time.

Another essential component of adaptive logistics systems is rebalancing,
which refers to the dynamic repositioning of couriers or delivery vehicles
in response to fluctuating demand. Without effective rebalancing, meal
delivery platforms face inefficiencies such as excessive idle time, underutilized
capacity, and unbalanced workloads across the fleet. These Al-driven
approaches continuously monitor real-time information—such as order
density, traffic flow, and rider availability—to make autonomous relocation
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decisions, thereby improving service reliability and reducing operational
costs. By integrating rebalancing into the overall optimization framework,
platforms can achieve smoother demand-supply alignment and enhanced
customer satisfaction.

The integration of Al-driven optimization techniques across demand
prediction, vehicle routing, and rebalancing creates the foundation for a
cohesive, adaptive, and sustainable urban delivery system. Such integration
allows real-time decision-making that jointly optimizes routing efficiency,
resource allocation, and environmental sustainability. Moreover, the inherent
adaptability of Al systems enables rapid responses to disruptions such as
traffic incidents or sudden spikes in demand, maintaining high service levels
and customer satisfaction even under uncertainty.

Building on this background, the present study explores Al-driven
optimization for metropolitan meal delivery systems by integrating demand
forecasting, vehicle routing, and rebalancing strategies into a unified system.
Specifically, it examines whether cluster-level demand predictions generated
by LSTM networks can improve delivery performance by pre-positioning
couriers in high-demand zones before orders occur. This approach is
compared against conventional greedy routing and standard VRP-based
optimization. The study evaluates multiple operational metrics—including
average delivery time, congestion impact, and fleet utilization—across
various time slots. By combining predictive analytics with dynamic routing
and proactive rebalancing, this research aims to demonstrate how Al can
effectively reduce service delays, balance workloads, and improve overall
system efficiency in complex metropolitan environments. Ultimately; it
contributes to the development of a data-driven, adaptive, and sustainable
tramework for urban meal delivery logistics, illustrating the potential of Al
to transform last-mile delivery into a smarter and greener system.

3. Methodology

The study focuses on a metropolitan meal delivery scenario inspired by
the city of Amsterdam. A synthetic dataset of 1,000 delivery requests was
generated, distributed across three representative urban clusters with varying
spatial densities. Requests were assigned to 24 hourly time slots, reflecting
realistic daily demand patterns, including lunch (10:00-13:00) and dinner
(16:00-19:00) peaks (Figure 1). In this study, it is also assumed the riders
can carry at most 10 packages in one ride.
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Hourly Distribution of Delivery Requests — Amsterdam Scenario
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Figure 1. Temporal Distribution of Delivery Requests

Geographic coordinates were mapped onto the underlying street network
using OSMnx and NetworkX, allowing shortest-path distance computations
for all delivery locations and the central depot (Figure 2). This setup enables
the simulation of delivery operations in a realistic urban environment,
incorporating spatial clustering, demand variability, and network topology
constraints.
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Road Network with Customer Delivery Locations
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Figure 2. Road Network of Amsterdam Map with Customer Delivery Locations

At the first level, a greedy myopic routing algorithm was implemented
as a baseline. In this approach, vehicles iteratively serve the nearest feasible
request until their capacity constraints are reached, after which they return to
the depot. While this method is computationally simple and fast, it does not
incorporate global optimization, forecasted demand, or proactive resource
allocation, making it a representative benchmark for reactive delivery
strategies.

Building on this baseline, the study employs the Capacitated Vehicle
Routing Problem (CVRP) framework, implemented using Google OR-
Tools, to optimize delivery routes. In this framework, each vehicle departs
from the depot, respects capacity constraints, and seeks to minimize total
travel distance. Shortest-path distances derived from the street network are
used as cost metrics. Solutions are obtained through a combination of path-
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cheapest-arc first solution strategies and guided local search metaheuristics.
Compared to the greedy baseline, this approach provides a globally optimized
routing strategy, accounting for spatial clustering of requests and balanced
load distribution across vehicles.

To anticipate future delivery demand, a cluster-level LSTM model was
trained on historical request patterns. The model predicts demand for each
urban cluster in the next time slot using a sliding window of previous hourly
demands. These predictions inform pre-positioning strategies, allowing
vehicles to be proactively allocated to anticipated “hotspot™ clusters. The
LSTM is trained on normalized cluster-level demand series, using mean
squared error as the loss function, and is updated continuously over the 24-
hour simulation horizon.

Rebalancing leverages these LSTM forecasts by allocating a fraction
of vehicles to predicted high-demand clusters before each time slot
begins. Vehicles assigned to rebalance nodes are incorporated into the
VRP as starting points with zero demand, allowing the optimization to
simultaneously consider both pre-positioned and depot-based vehicles. This
proactive strategy enhances fleet management, reduces service delays, and
mitigates congestion during peak periods.

Delivery performance is evaluated by calculating average delivery times
per request across 24 time slots. Three strategies are compared: (i) greedy
myopic routing, (i) VRP without rebalancing, and (iii) VRP with LSTM-
based rebalancing. Congestion effects are approximated based on the load
ratios observed in each time slot, providing insights into the effectiveness of
proactive versus reactive routing strategies.

4. Results

Table 1 summarizes the average delivery durations obtained from three
optimization strategies—Greedy routing, VRP (Vehicle Routing Problem),
and VRP with LSTM-based Rebalancing—across 24 hourly time slots.
During low-demand periods (Time Slots 0-3 and 21-23), all methods
exhibit similar performance due to limited routing complexity. Notably,
in Slot 23, the VRP+LSTM approach reduces delivery time from 20.38
minutes (VRP and Greedy) to 16.06 minutes, illustrating the model’s ability
to anticipate and adapt to spatial-temporal demand fluctuations.
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Table 1. Performance Comparison of Delivery Durations Across Optimization Strategies

Avg Time Avg Time Avg Time VRP+LSTM

Time Slot Requests | Greedy (min) VRP (min) | Rebalancing (min)
0 2 27.34 25.61 25.27
1 6 12.29 11.45 11.45
2 2 24.99 24.99 25.01
3 1 25.11 25.11 25.11
4 0 0.00 0.00 0.00
5 8 9.88 8.47 8.47
6 7 11.20 10.17 10.17
7 13 13.61 11.39 11.22
8 38 7.78 6.76 6.65
9 56 7.21 6.53 6.48
10 81 7.40 5.75 5.80
11 111 7.13 6.10 6.06
12 86 7.12 6.15 6.07
13 71 6.64 5.60 5.47
14 41 8.01 6.26 6.11
15 40 8.99 7.86 7.81
16 53 9.23 7.30 7.31
17 94 7.11 6.13 6.19
18 112 7.12 5.97 5.99
19 98 7.27 6.03 6.11
20 50 7.80 6.41 5.68
21 21 12.12 8.47 7.33
22 6 10.23 8.38 8.38
23 3 20.38 20.38 16.06

During medium- to high-demand periods (Slots 8-19), the Greedy
algorithm consistently vyields longer delivery times, highlighting its
suboptimal performance under dense request conditions. The VR approach
achieves up to a 15% reduction in delivery duration relative to the Greedy
method, demonstrating the effectiveness of global route optimization. The
VRP+LSTM Rebalancing model further enhances performance, providing
marginal but consistent improvements across most active time slots. Overall,
these results indicate that integrating LSTM-based demand forecasting with
VRP improves delivery efficiency and system stability, combining spatial
optimization with temporal prediction for the most balanced and robust
performance among the evaluated strategies.

Table 2 turther quantifies the relative improvements achieved by the VRP
and VRP+LSTM Rebalancing models compared to the Greedy baseline.
The “VRP vs Greedy (%)” column reflects the percentage reduction in
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delivery duration achieved by the VRP method, while the “Rebalancing
vs VRP (%)” column indicates the additional effect of the LSTM-based
rebalancing mechanism. Across most active hours (Slots 5-20), the VRP
model consistently outperforms the Greedy algorithm, with reductions
ranging from 6% to 22%. The most pronounced improvement occurs
at Slot 21, with a 30.12% reduction, demonstrating VRIP’s robustness
under variable and late-hour demand conditions. In contrast, performance
differences during low-demand periods remain minimal, reflecting the
limited impact of routing optimization when demand is sparse.

Table 2. Comparative Performance Gains of Optimization Strategies

Avg Time
Avg Time |Avg Time |VRP+LSTM | VRP vs

Time Greedy VRP Rebalancing | Greedy Rebalancing
Slot | Requests | (min) (min) (min) (%) vs VRP (%)
0 2 27.34 25.61 25.27 6.33 1.33
1 6 12.29 11.45 11.45 6.83 0.00
2 2 24.99 24.99 25.01 0.00 -0.08
3 1 25.11 25.11 25.11 0.00 0.00
4 0 0.00 0.00 0.00 0.00 0.00
5 8 9.88 8.47 8.47 14.27 0.00
6 7 11.20 10.17 10.17 9.20 0.00
7 13 13.61 11.39 11.22 16.31 1.49
8 38 7.78 6.76 6.65 13.11 1.63
9 56 7.21 6.53 6.48 943 0.77
10 81 7.40 5.75 5.80 22.30 -0.87
11 111 7.13 6.10 6.06 14.45 0.66
12 86 7.12 6.15 6.07 13.62 1.30
13 71 6.64 5.60 5.47 15.66 2.32
14 41 8.01 6.26 6.11 21.85 2.40
15 40 8.99 7.86 7.81 12.57 0.64
16 53 9.23 7.30 7.31 2091 -0.14
17 94 7.11 6.13 6.19 13.78 -0.98
18 112 7.12 5.97 5.99 16.15 -0.34
19 98 7.27 6.03 6.11 17.06 -1.33
20 50 7.80 6.41 5.68 17.82 11.39
21 21 12.12 8.47 7.33 30.12 13.46
22 6 10.23 8.38 8.38 18.08 0.00
23 3 20.38 20.38 16.06 0.00 21.2

The LSTM-based rebalancing mechanism contributes additional
improvements over the VRP baseline in several key intervals, including Slots
7-15,20-21, and 23, with the largest enhancement reaching 21.2% at Slot
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23. This indicates that predictive rebalancing effectively anticipates demand
imbalances and reallocates couriers to maintain efficient service, particularly
during transition or off-peak periods. Negative values observed in Slots 10
and 16-19 suggest minor over-adjustments by the predictive model, likely
due to discrepancies between forecasted and actual demand. However, these
fluctuations are small (below 1.5%) and do not compromise overall system
efficiency. Collectively, these results confirm that combining LSTM-based
predictive rebalancing with VRP enhances delivery stability and efficiency
across varying demand levels.

Figure 3 illustrates the temporal variation of average delivery durations
and relative improvements for the three strategies, highlighting lunch
(10:00-13:00) and dinner (16:00-19:00) peak periods. The Greedy
algorithm consistently produces longer delivery times, particularly during
peaks, whereas the VRP method maintains lower and more stable durations
throughout the day. The addition of LSTM-based rebalancing further
refines performance, particularly during transitional periods such as early
afternoon and late evening, by preemptively redistributing couriers based
on predicted demand.

Delivery Time and Ffficiency Improvements Across Daily Time Slots (with Peak Hours)
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Figure 3. Temporal Comparison of Delivery Duration and Relative Performance Across
Routing Strategies

The relative improvement curves reinforce these observations. The
VRP vs Greedy curve shows consistent gains of 10-25% during peak
hours, demonstrating the efficiency advantage of route optimization under
dense demand. The Rebalancing vs VRP curve exhibits frequent positive
contributions, with localized improvements exceeding 10% in off-peak hours
(21:00-23:00), where predictive rebalancing effectively reduces courier
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idle time. Overall, the figure highlights that the VRP+LSTM Rebalancing

strategy delivers the most balanced and resilient performance across daily
operational cycles.

Figure 4 depicts average delivery durations overlaid with hourly request
volumes, providing a visual link between demand intensity and algorithmic
performance. The Greedy method shows high delivery times during periods
of elevated demand, emphasizing its limited scalability. The VRP approach
demonstrates lower and more stable durations, confirming its system-level
routing efficiency. VRP+LSTM Rebalancing further improves performance
during high-demand intervals (approximately 10:00-19:00) by dynamically

reallocating couriers according to short-term forecasts, thereby maintaining
service efficiency under rapidly shifting demand patterns. During off-peak

hours, all strategies converge, reflecting minimal optimization impact when
demand is sparse.

Comparison: Greedy vs VREP vs VEP+HLSTM Rebalancing
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Figure 4. Temporal Comparison of Delivery Duration and Request Volume

Finally, Figure 5 presents a comparative visualization of average delivery
durations for all three methods across 24 hourly time slots. The Greedy
algorithm consistently shows the highest durations, particularly during peak
demand, while the VRP-based approach achieves shorter and more stable
times throughout the day. The VRP+LSTM Rebalancing model enhances
efficiency further, particularly during midday and evening peaks, with the
most substantial reductions (up to 20%) observed in late hours (21:00-
23:00). These results demonstrate that integrating predictive demand
modeling with route optimization yields a more adaptive, resilient, and time-

efficient delivery process, highlighting the hybrid method’s applicability
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for urban micro-delivery systems characterized by dynamic and temporally
heterogeneous demand.

Comparison of Delivery Times per Time Slot
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Figure 5. Performance Comparison per Time Slot

5. Discussion

The comparative analysis of the three routing strategies—Greedy, VR,
and VRP combined with LSTM-based Rebalancing—reveals distinct
operational advantages and limitations across varying demand intensities.
Consistent with expectations, the Greedy approach performs adequately
under sparse request conditions but exhibits significant inefficiencies as
demand density increases. This outcome reflects the algorithm’s local
optimization behavior, which lacks the capacity to account for global spatial
relationships and temporal fluctuations in delivery requests (Savelsbergh &
Van Woensel, 2016). In contrast, the VRP method demonstrates a clear
performance advantage, achieving substantial reductions in delivery durations
during medium to high-demand periods. This improvement underscores
the importance of global optimization in coordinating courier assignments
and route sequencing, especially within dense urban environments where
real-time spatial efficiency is critical (Toth & Vigo, 2014).

The integration of LSTM-based predictive rebalancing into the VRP
framework further enhances overall system robustness and adaptability.
The hybrid VRP+LSTM approach consistently outperforms the baseline
methods, particularly during transitional and oft-peak periods, by
proactively repositioning couriers based on anticipated demand shifts. This
result highlights the potential of combining data-driven forecasting with
optimization algorithms to achieve spatio-temporal equilibrium in dynamic
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delivery systems. The observed improvement of up to 21.2% in certain time
slots illustrates that predictive intelligence can effectively mitigate temporal
mismatches between supply and demand, reducing idle time and improving
service continuity.

Nevertheless, the minor negative improvements observed in a few
intervals suggest that predictive rebalancing is sensitive to forecast accuracy.
Small deviations between predicted and actual demand can lead to over-
adjustments in courier distribution, especially when temporal variability
is high. These findings point to a key challenge in predictive optimization
which is achieving reliable real-time demand estimation under stochastic and
rapidly evolving urban conditions (Goodfellow et al., 2016). Despite these
fluctuations, the overall gains in efficiency demonstrate that incorporating
LSTM-based demand anticipation enhances delivery system resilience
without introducing instability or excessive computational cost.

From a broader perspective, these results emphasize the strategic value of
integrating machine learning with classical optimization in urban logistics.
The VRP+LSTM framework not only improves operational performance
but also aligns with sustainability goals by reducing redundant travel and
optimizing resource utilization (Klumpp, 2021). Shorter and more stable
delivery times translate to reduced energy consumption, fewer emissions,
and improved customer satisfaction. These factors are increasingly critical
in the design of sustainable meal delivery systems. Moreover, the system’s
adaptability during both peak and off-peak hours reflects a capacity for
continuous performance balancing, an essential feature for modern on-
demand platforms operating under volatile demand conditions (Savelsbergh
& Van Woensel, 2016).

Therefore, the findings validate that a hybrid predictive—optimization
approach offers a superior balance between efficiency and robustness
compared to purely heuristic or static optimization methods. By anticipating
demand trends and integrating them into routing decisions, urban delivery
systems can achieve more intelligent resource deployment, enhanced
temporal stability, and greater responsiveness to consumer needs. These
insights contribute to the ongoing discourse on sustainable and adaptive
logistics systems, underscoring the transformative role of Al-driven
predictive modeling in the evolution of urban mobility and last-mile delivery
operations (Cattaruzza et al., 2017; Ghiani et al., 2022).

The findings of this study carry several important implications
for policymakers, urban mobility planners, and researchers aiming to
develop more efficient and sustainable last-mile meal delivery systems.
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The demonstrated efficiency gains from integrating predictive demand
modeling into routing operations suggest that public authorities should
actively promote the adoption of intelligent logistics systems. This can be
achieved through well-designed incentives and regulatory frameworks that
facilitate data sharing and encourage the use of Al-driven optimization tools
(European Commission, 2020; McKinnon, 2021). Establishing open urban
data infrastructures, such as platforms providing real-time information
on traffic flow and delivery demand, would further enhance coordination
between private operators and municipal authorities, hence reducing
congestion and environmental impact (Taniguchi & Thompson, 2014).

The observed improvements in delivery stability and reduced courier
idle times also highlight opportunities to better align meal delivery logistics
with broader sustainability and decarbonization goals. Cities committed
to promoting low-emission transportation can leverage predictive routing
technologies to optimize the use of bicycle couriers and other eco-friendly
modes, ensuring efficient service delivery without expanding vehicle fleets.
Integrating these intelligent routing mechanisms into municipal logistics
zones or urban consolidation centers could support more equitable, energy-
efficient, and resilient delivery networks that contribute to long-term climate
and mobility objectives.

Furthermore, the robustness of the hybrid VRP+LSTM framework
across varying demand levels offers valuable insights for designing
adaptive urban logistics policies. This adaptability is especially relevant
for cities experiencing dynamic retail and e-commerce demand cycles,
where conventional static routing regulations often fall short. Embedding
predictive analytics into smart-city governance frameworks can therefore
enhance strategic decision-making in areas such as transport planning and
dynamic pricing for delivery operations (European Commission, 2021). By
aligning predictive intelligence with policy innovation, municipalities can
create more responsive and sustainable delivery systems capable of adapting
to fluctuating urban conditions.

Despite the demonstrated potential of the hybrid VRP+LSTM model,
several avenues remain open for future research and practical development.
One key direction involves integrating richer, real-time data streams—such
as live courier positions, weather conditions, and traftic dynamics—to further
enhance predictive accuracy and adaptability. Strengthening collaboration
between urban authorities, logistics providers, and technology developers
will also be essential for implementing and testing these predictive routing
systems in real-world environments. Such pilot projects can provide valuable
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empirical insights into operational feasibility, human—Al coordination,
and data governance challenges, bridging the gap between simulation and
deployment.

Beyond the technical and operational dimensions, future investigations
should also address the social and ethical implications of predictive logistics.
Ensuring fairness in task allocation, transparency in algorithmic decision-
making, and protection of courier autonomy will be vital for building
equitable and trustworthy Al-driven delivery systems. Addressing these
aspects will not only strengthen public acceptance but also ensure that
technological innovation supports the overarching goals of sustainable,
inclusive, and human-centered urban development.

6. Conclusion

In conclusion, the integration of LSTM-based predictive rebalancing
with VRP optimization represents a promising pathway toward sustainable,
adaptive, and intelligent urban delivery systems. By combining spatial
optimization with temporal foresight, cities and logistics operators can
achieve greater efticiency, lower environmental impact, and improved service
reliability which are key pillars for advancing sustainable urban logistics in
the age of digitization.

In addition, this research makes a distinctive contribution to the
existing body of knowledge by establishing a comprehensive model that
synthesizes temporal demand forecasting with spatial route optimization,
hence illustrating how data-driven predictive mechanisms can substantially
enhance the efficiency, responsiveness, and resilience of meal delivery
logistics operations.

The case study analysis demonstrates substantial performance gains over
greedy and conventional VRP approaches, particularly in terms of delivery
duration. Notably, the implementation of predictive rebalancing resulted
in an average 2.29% decrease in average delivery duration comparing
traditional VRP approach, thereby providing quantitative evidence of the
model’s operational efficacy and scalability in dynamic urban contexts.

From a policy perspective, these findings emphasize the importance
of integrating predictive analytics into urban logistics governance.
Policymakers should promote the adoption of intelligent logistics systems
through incentives and regulatory frameworks that support data sharing
and Al-based optimization. Developing open urban data infrastructures and
providing real-time information on traffic, and delivery demand can further
strengthen coordination between municipalities and private operators while
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advancing sustainability and decarbonization goals through greater use of
low-emission transport modes.

Future research should extend this study by incorporating richer real-
time data sources, such as courier locations, weather, and traffic dynamics,
to improve predictive accuracy and adaptability. Collaborative pilot projects
between city authorities, logistics providers, and technology developers
are essential to assess real-world feasibility and governance challenges.
Furthermore, addressing ethical concerns such as fairness in task allocation,
transparency in algorithmic decisions, and courier autonomy will be crucial
tor ensuring that Al-driven delivery systems remain inclusive, equitable, and
aligned with the broader goals of sustainable urban development. Lastly, by
integrating spatial optimization with temporal foresight, this study presents
a pathway toward efticient, low-impact, and reliable delivery solutions which
are key areas of sustainable urban logistics in the digital age.
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Chapter 4

A Decision Support System Approach for Early
Diagnosis of Digital Addiction Observed in
Generation Z

Yasin Kirelli !

Abstract

This study presents a decision support system for the early diagnosis of digital
addiction observed in Generation Z individuals. Born in the digital age,
Generation Z actively uses the internet and social media as a means of social
interaction, which leads to digital addiction. At this stage, when identity
formation has just begun, digital addiction causes negative consequences
such as social isolation, academic failure, anxiety, and depression. The aim of
the study is to model the levels of digital addiction using machine learning
methods by observing the effects of smartphone usage habits among students
aged 12 to 21 in this context. This model has been created by observing
daily phone usage statistics. The publicly available data set used in the study
has been collected through structured surveys. The dataset shows that screen
time is 4.5 hours across all age groups. A relationship between screen time
exceeding eight hours and addiction has also been observed. Four different
classification algorithms (Logistic Regression, Gradient Boosting, Neural
Net (MLP), XGBoost) have been used in the study. Among the models,
the Logistic Regression model showed the highest accuracy in classification
performance. Compared to similar studies in literature, the machine learning
approach has higher prediction success in classifying the level of digital
addiction. This study, which applies a data-driven analytical approach to the
problem of digital addiction in early ages when identity formation is just
beginning, emphasizes the significance of developing early diagnosis and
intervention strategies.

1 Kiitahya Dumlupmar University, Tavsanli Faculty of Applied Sciences, Management
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1. Introduction

Information and communication technologies play an integral role in our
daily lives in this digital age. Individuals born after 1995 are referred to as
Generation Z. Social media platforms provided by the internet infrastructure
play a significant role in their identity formation process (Li et al., 2023;
Ricoy et al., 2022). This is because they use these platforms for social
interaction. The internet is not only used as a means of communication by
this generation, but it is also considered a fundamental part of life, including
social interaction, education, and entertainment (Akhtar et al., 2023;
Herawati et al., 2022; Li et al., 2023). The development of communication
and internet technology has enabled instant connectivity and artificial
intelligence technologies to provide personalized and rich content tailored to
the user, making life easier and faster. The pursuit of social approval in digital
spaces often results in unregulated use, excessive content consumption, and
digital dependency. Negative effects on social relationships, academic life,
and work life have also been experienced because of this situation (Hamida
et al.,, 2021; Huang, 2024; Jun, 2015).

Digital addiction arises when individuals are unable to control their
use of technological devices, which can lead to adverse results like social
isolation, poor physical health, and diminished mental well-being. The
emergence of negative emotional states, such as restlessness and anxiety,
is associated with the absence of individuals from technological devices or
the internet. People define digital addiction not only as high screen time
but also as a type of psychological addiction. This psychological condition,
known as nomophobia, is characterized in literature as the state of being
without a smartphone. There are important factors in the emergence of this
psychological problem in Generation Z, and it is essential to understand
these factors to develop effective solutions. The existence of factors such as
competence, belonging, feelings of loneliness, and the search for excitement
can serve as triggers for digital addiction. Additionally, family and friends’
attitudes towards young individuals are also among the causes that trigger this
condition. Significant negative consequences result from digital addiction,
including decreased empathy skills, anxiety disorders, sleep disorders, and
depression. Another common result is a decrease in academic achievement
(Hamida et al., 2021; Huang, 2024; Khan et al., 2021; Vaghefi & Lapointe,
2014; Yang & Gao, 2022).
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Table 1. A Review of Literature: Analytical methods and findings

Authors and Year  Topic Analytical Data Findings
Method
(Dhanalakshmi et The present study ~ Machine Internet Artificial
al., 2025) aims to assess Learning Addiction Test intelligence
the prevalence of  Classification (IAT) Survey  models can classify
internet and mobile Models (n=1763) addiction levels
addiction across all  (Random (low, medium,
age demographics  Forest, SVM, high) from survey
through the KNN, Logistic data with up to
utilization of Regression) 71% accuracy.
artificial intelligence
methodologies.
(Parhi et al., The utilization of ~ Machine Application-  Instantaneous
2025) digital data and Learning Based usage data
soft computing (Logistic Real-Time collected via
techniques has Regression), Usage Data applications
emerged as a feature (UsageStats,  assesses addiction
novel approach selection with Activity more accurately
for the analysis Particle Swarm  Tracker) and  than traditional
and tracking Optimization Survey surveys. A
of behavioral (PSO) survey optimized
addiction. with real-time
data achieved
98.61% success
in predicting
nomophobia.
(Singh et al., The objective Rule-Based Passive User  Addiction
2023) of the present System Data Collected detection through
study is to utilize ~ Development, via an Android behavioral rules
an unobtrusive Behavioral Application derived from
method for Analysis (device various methods
the detection unlocks, (e.g., turning on
of smartphone number of the screen more
addiction. screen-ons, than 110 times a
application day).
usage time)
(Wu & Zhang, A statistical model ~ Regression Survey Data  Parent-child
2023) has been developed  Analysis, (n=312) communication
to analyze the Moderation problems and poor
impact of middle (Interaction) peer relationships
school students’ Analysis statistically

engagement with
mobile phones
on their addictive
tendencies.

strengthen this
effect.
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(Yang & Gao, This investigation ~ Advanced Survey The inability to

2022) utilizes longitudinal ~ Statistical (n=337) meet the need
analysis to Modeling for competence
examine the significantly
correlation between predicts future
smartphone smartphone
addiction and addiction.
basic psychological
needs in a sample
of middle school
students.

(Hamida et al., The present study  Structural Survey Data ~ SEM analysis

2021) aims to explore Equation (n=253) showed that
the relationships Modeling (SEM) smartphone
between loneliness, addiction fully
smartphone mediates the
addiction, and relationship
empathy among between loneliness
Generation Z. and empathy.

(Davazdahemami The phenomenon  Structural Survey Data  Application

ctal., 2016) of device addiction ~ Equation (n=333) addiction explains
is distinct from Modeling (SEM) approximately

the more specific
case of application
addiction (referred

38% of the total
variance in mobile
device addiction.

as “app addiction”).

Table 1 presents a compendium of studies in the extant literature that
employ various methodologies for the assessment of digital addiction in
young individuals. A significant source of data regarding user behavior can
be derived from examining smartphone usage habits. The extant literature
also indicates that variables such as the time spent using applications, the
total screen time, and the responses to phone notifications are significant
in determining digital addiction (Dhanalakshmi et al., 2025; Parhi et al.,
2025; Singh et al., 2023). In this study, the data are analyzed using machine
learning methods to measure digital addiction among Generation Z. The
objective of the study is to classify addiction levels, thereby identifying
individuals at risk and establishing the foundation for a decision support
process to develop intervention systems.

2. Material and Method

The study utilized a publicly available dataset, entitled the “Teen Phone
Addiction Dataset’ (Yadav, 2025). The objective of the present study is to
examine the effects of smartphone usage habits among students aged 12-21
across a range of dimensions and to utilize machine learning methodologies
to model the correlation between digital addiction and its impact on
various domains of functioning, including behavioral, psychological, and
academic performance. The total sample size of the data is 3000, comprising
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25 attributes. The data has been obtained through the administration of
structured surveys over a three-month period in educational institutions
located within urban areas. Following the removal of identifying information

such as ID and Name from the dataset, the variable named Addiction_Level’,
consisting of 24 attributes, has been determined as the target variable, and
all data fields are shown in Table 2.

Table 2. Field names and types of the dataset

Column Name Data Type = Column Name Data Type
1D int64 Depression_Level int64
Name object Self Esteem int64
Age int64 Parental Control int64
Gender object Screen_Time_Before Bed tfloat64
Location object Phone_Checks_Per_Day int64
School_Grade object Apps_Used_Daily int64
Daily_Usage Hours float64 Time_on_Social Media float64
Sleep_Hours float64 Time_on_Gaming float64
Academic_Performance int64 Time_on_Education float64
Social_Interactions int64 Phone_Usage_Purpose object
Exercise_Hours tfloat64 Family_Communication int64
Anxiety_Level int64 Weekend_Usage_Hours tfloat64
Addiction_Level float64

As demonstrated in Figure 1 the median daily screen time across all age
groups was found to be 4.5 hours. The distribution graph demonstrates
a positive correlation between screen time and addiction. A significant
correlation has been demonstrated between screen time exceeding eight
hours and the development of addiction.

Daily Screen Time Summary (Box Plot)

Daily Usage Hours vs Addiction Level

Q@O

Addiction Level

Xhelts

0 2 4 6 8
Daily Usage Hours

12

6
Daily Usage Hours

Figure 1. A Correlation Between the Frequency of Daily Usage and the Level of

Addiction

A classification model has been developed to predict the digital addiction
levels of young individuals in the dataset. The Addiction Level variable has
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been categorized into three distinct values: low, medium, and high. In the
data preprocessing step, the categorical attributes in the data were converted
to numerical values and standardized using StandardScaler. To enhance the
generalizability of the data, it has been divided into training and test data at
a ratio of 80% and 20%, respectively. In the field of modelling, the success
of predictions has been analyzed through the utilization of various metrics,
employing four distinct classification algorithms (Logistic Regression,
Gradient Boosting, Neural Net (MLP), XGBoost). The outcomes of this
analysis have been thoroughly evaluated.

Table 3. Comparative metrics vesults for the proposed models

Model Accuracy Precision Recall F1-Score
Logistic Regression  0.99 0.99 0.99 099
Gradient Boosting ~ 0.96 0.95 0.96 0.95
Neural Net (MLP)  0.96 0.95 0.96 0.95
XGBoost 0.94 0.94 094 094

As demonstrated in Table 3, the Logistic Regression model demonstrates
superior performance in comparison to alternative models, achieving 99%
accuracy and an Fl-score. The investigation revealed that the models
demonstrated an inability to predict the samples classified as ‘Low’ in the
Addiction Level variable, which contained the smallest number of samples in
the dataset. In this instance it has been observed that the Logistic Regression
model demonstrated a superior capacity for generalization, despite the
presence of an imbalanced dataset.

3. Conclusion

The study demonstrates that four distinct machine learning methodologies
can be implemented to model behavioral phenomena in predicting the
level of digital addiction among Generation Z. When the modelling
prediction results are evaluated alongside similar studies in literature, it is
understood that approaches such as machine learning show better prediction
performance than other methods. The machine learning models presented
in this study demonstrate a high level of success in classifying levels of digital
addiction among Generation Z. In particular, the Logistic Regression model
demonstrates a significant improvement in similar studies in literature
thanks to its high classification accuracy. The findings confirm that data-
driven analytical approaches are critical for developing early diagnosis
and effective intervention strategies. Considering the prevalence of digital
addiction among Generation Z and its associated adverse consequences,
data-driven analytical methodologies have emerged as a pivotal instrument
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for early diagnosis and the development of eftective intervention strategies.
These methodologies encompass the interpretation of behavioral data and
the creation of decision support systems, such as risk classification, which
play a crucial role in identifying and addressing issues promptly. Subsequent
studies may concentrate on the practical implementation of the model as
mobile applications in real time. However, it is important to acknowledge
the limitations of this study. Firstly, participant responses may have been
affected by a tendency to seek social acceptance, given that data had been
collected through the utilization of structured surveys. Consequently, there is
a possibility that the data may not accurately reflect real-world usage habits.
Research in relevant literature has shown that real-time usage data collected
through smartphone applications measures addiction more accurately than
alternative methods based on surveys. Furthermore, it has been observed
that the imbalance in the data set has resulted in an insufficient number
of sample data points from the “Low Addiction” level for the model to be
correctly classified. To surpass the present limitations in future research, it
is recommended to apply hybrid datasets that include real-time application
data and behavioral indicators. Examples of such indicators include device
unlock count and application usage duration, which are also utilized in the
literature. Furthermore, rather than focusing only on behavioral metrics,
the development of models integrating psychological factors including
feelings of social isolation and a need for social acceptance may provide a
more comprehensive framework for understanding the fundamental causes
of digital addiction. This approach has the advantage of increasing the
generalizability of the model, thus creating more eftective decision support
processes in practical environments, like mobile applications.
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