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Implementacia umelej inteligencie v slovenskych podnikoch: kvalitativha
analyza motivov, procesov riadenia a bariér na zaklade
poloStrukturovanych rozhovorov

Federico Banda, Andriana Baziuk, Vladimir Bolek, Diana Pallérova

Abstrakt

Cielom clanku je analyzovat’ proces implementacie umelej inteligencie (AI) v slovenskych
podnikoch - od spustacieho momentu a stanovenia cielov, cez volbu technologii a riadenie
implementdcie, az po bariéry a doterajSie praktické skusenosti. Empiricku bdazu tvori 18
polostrukturovanych telefonickych rozhovorov realizovanych v ramci projektu Al-ImpactSK so
zastupcami 19 slovenskych podnikov (jeden rozhovor sa tykal dvoch prepojenych spolocnosti)
roznej vel'kosti a odvetvového zamerania, od jednoosobovych IT firiem po podniky s vyse dvesto
zamestnancami. Data boli spracované metodou kvalitativnej tematickej analyzy, pri ktorej boli
identifikované opakujuce sa vzorce a odlisSnosti napriec¢ pripadmi v oblastiach vyuzitia Al,
spustacich momentoch, cieloch, iniciatoroch a sposobe riadenia implementdcie. Vysledky
ukazuju, ze Al sa v skumanych podnikoch najcastejsie vyuziva na automatizaciu podpornych
procesov (marketing, zakaznicka podpora, programovanie, spracovanie dokumentov), pricom
iba v mensine pripadov ide o jadrovy, strategicky riadeny proces. Implementdcia je v malych
podnikoch typicky iniciovana vlastnikom alebo jednotlivym ,, Al Sampionom * organicky a bez
formalizovanych cielov, zatial ¢o vo vdcsich firmach ma podobu top-down, na spravnej uirovni
riadenej stratégie. Za najvyznamnejsie bariéry sa oznacuju nepripravenost’ a nekonzistentnost
firemnych dat, halucinacie a nedeterministicky charakter vystupov Al, nedostatocna Al
gramotnost zamestnancov a legislativna neistota. Prispevok prindsa empiricky podlozeny
pohlad na to, ako sa tvori biznis-IT alignment a governance Al v prostredi malych a strednych
podnikov strednej Eurépy, a dopliia tak medzeru v doterajsej literatire, ktord sa opiera
prevazne o data z velkych korporacii.

JEL klasifikacia: D83, L21, M15, O33
KUlucové slova: implementacia Al, digitalna transformacia, malé a stredné podniky, business-
IT alignment, governance Al, kvalitativny vyskum

1 Uvod

Umelé inteligencia sa v priebehu ostatnych rokov posunula z okrajovej experimentélnej
technologie do polohy jedného z kl'icovych faktorov konkurencieschopnosti podnikov naprie¢
odvetviami. Generativne jazykové modely, prediktivna analytika a autonomni Al agenti menia
spdsob, akym podniky spracuvaju data, komunikuju so zdkaznikmi, vyvijaji softvér aj riadia
interné procesy. Tato zmena vSak neprebieha rovnomerne - kym ¢ast’ podnikov integruje Al do
jadrovych procesov a stavia na nej nové obchodné modely, iné podniky zostavaji vo faze
individudlneho, neriadeného experimentovania jednotlivych zamestnancov.

Téma je aktudlna aj preto, Ze tempo vyvoja samotnej technologie vyrazne prevysuje tempo,
akym st podniky - najmi malé a stredné - schopné budovat’ zodpovedajlice organizacné, datové
a riadiace kapacity. Zatial’ co vel'ké korporacie disponujii zdrojmi na formalizované riadenie
digitalnej transformacie, vratane governance Al a dedikovanych roli (napr. Chief Al Officer),
malé a stredné podniky su Casto odkdzané na neformélne, improvizované pristupy, ktorych
uspesnost’ zavisi od osobnej iniciativy jednotlivca.

V doterajSej vedeckej literatire prevazuju Studie zalozené na velkych kvantitativnych
vzorkach alebo na skusenostiach nadndrodnych korporécii, priCom hlbkova kvalitativna
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evidencia o tom, ako presne prebieha implementicia Al v prostredi malych a strednych
podnikov strednej Eurdpy - vratane spustacich momentov, delby zodpovednosti medzi
biznisom a IT a redlne zazivanych bariér - zostdva pomerne obmedzend. Prave tito medzeru sa
snazi ¢iasto¢ne vyplnit tento ¢lanok.

Cielom clanku je na zéklade polostrukturovanych rozhovorov so zastupcami slovenskych
podnikov analyticky opisat’ a interpretovat’ proces zavadzania Al - od motivécie a cielov, cez
vol'bu technoldgii a organizaciu implementacie, az po bariéry a doterajSie sklisenosti - a tieto
zistenia konfrontovat’ s existujlicou vedeckou literatirou. Vyskum je stcastou projektu Al-
ImpactSK, ktorého empiricki bazu tvori 18 telefonickych rozhovorov so zastupcami 19
podnikov réznej velkosti a odvetvového zamerania.

2 Sucasny stav rieSenej problematiky doma a v zahranici
2.1 Motivy a faktory uspesnej implementdacie AI v podnikoch

Vedecka literatira sa zhoduje na tom, Ze Al predstavuje technoldgiu so signifikantnym
potencidlom menit’ procesy, produkty aj obchodné modely, no zaroven upozoriiuje, ze mnohé
organizacie tento potencidl nedokdzu premenit’ na redlnu hodnotu (Hamm & Klesel, 2021).
Hamm a Klesel (2021) na zéklade systematického prehl’adu literatry identifikovali 36 faktorov
uspesnej implementacie Al, ktoré usporiadali do ramca technologia—organizacia—prostredie
(TOE), pricom rozlisili 12 technologickych, 13 organizatnych a 11 environmentalnych
faktorov. Tento ramec sa opakovane potvrdzuje aj v novsej literature zameranej Specificky na
malé a stredné podniky - Sanchez et al. (2025) na zaklade kombinacie TOE ramca a tedrie
difuzie inovdcii identifikovali desat’ kritickych bariér Al adopcie v MSP, siahajucich od
nedostatocného pristupu k datam a nedostatku kvalifikovanych pracovnikov, cez kultarny
odpor, az po slabu infrastruktiru a nedostatocné governance praktiky. Podobne Oldemeyer,
Jede a Teuteberg (2024) systematickym prehl'adom stavu poznania zdoéraziuja, Ze hlavné
implementané bariéry MSP nie st primarne technologické, ale organizacné - nedostatok
internych kompetencii, finan¢nych zdrojov a jasnej stratégie.

Faktory ovplyviiujice rozhodnutie o zavedeni Al mozno rozdelit' na interné (potreba
zvySenia efektivity, uspora nakladov, tlak na inovaciu) a externé (konkurenény tlak, ocakavania
zdkaznikov, regulacné zmeny). Yesuf, Fields, Jain a Kassa (2025) v bibliometrickej a
systematickej analyze poukazuju na to, Ze Al v MSP posobi ako katalyzator produktovej aj
procesnej inovacie a posiliiuje podnikatel'ské rozhodovanie prostrednictvom prediktivnej
analytiky, avSak miera dosiahnutého prinosu je vysoko podmienena vel’kostou firmy, odvetvim
a manazérskou pripravenostou. Schwaeke, Peters, Kanbach, Kraus a Jones (2025) v stadii
,hového normalu®“ adopcie Al v MSP zdoraziiuju, ze hoci sa Al stala beznou sucastou
fungovania vicSiny malych firiem, prevazna Cast’ adopcie zostava na Grovni jednotlivca a ad
hoc rieSeni, nie systematickej firemnej stratégie - zistenie, ktoré je pre interpretaciu empirickej
Casti tohto ¢lanku obzvlast’ relevantné.

2.2 Strategické ciele, organizacné zmeny a technologické aspekty implementdcie

Vial (2019) v jednej z najcitovanejSich koncepénych prac o digitalnej transformacii definuje
tento proces ako ret'azec, v ktorom digitalne technologie vyvoldvaju narusenia (disruptions), na
ktoré organizacie reaguju strategicky, pricom vysledkom je transformécia Struktar, procesov aj
hodnotovych ponuk organizécie, sprevadzana bariérami na viacerych trovniach - individuélne;j,
organizacnej aj environmentalnej. Implementacia Al predstavuje v tomto zmysle Specificky, no
Strukturalne podobny pripad digitalnej transformdcie, ked’Ze si vyzaduje nielen technologicku
investiciu, ale aj zmenu procesov, roli a niekedy aj obchodného modelu.

Davenport a Ronanki (2018) na zaklade analyzy desiatok podnikovych Al projektov
rozliSuju tri typy cielov, ktoré podniky pri zavadzani Al sleduju: automatizaciu podnikovych
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procesov, ziskavanie poznatkov prostrednictvom analyzy dat a angazovanie zamestnancov a
zakaznikov pomocou kognitivnych ndstrojov. Autori pritom upozoriuju, ze najvyssiu mieru
uspechu dosahuju projekty s jasne definovanym, Uzko vymedzenym cielom, zatial co
ambicidzne, plosne koncipované projekty transformécie zlyhdvaju castejSie. Tato téza
koreSponduje aj so zdvermi Hamm a Klesela (2021), podl'a ktorych je jasnd definicia
oCakavaného prinosu (KPI, meratelné ciele) jednym z klacovych organiza¢nych faktorov
uspechu.

2.3 Uloha vrcholového manaimentu, leadershipu a IT oddelenia

Rola top manazmentu pri implementacii Al je v literatire chapand ako kriticky ddlezita.
Bevilacqua, Masarova, Perotti a Ferraris (2025) v systematickom prehl'ade 63 clankov,
opierajicom sa o teériu hornych esalénov (upper echelons theory), preukazuju, zZe strategicka
orientacia a otvorenost top manazérov voci Al zdsadne ovplyviiuje uspesnost digitdlnych
iniciativ. Autori zdoraziuju, ze liderstvo v ére Al si vyzaduje nové kompetencie - ,,Al open
mindset”, schopnost’ fungovat ako strategicky spoluautor v spolupraci s Al, prepéjanie
viacerych organiza¢nych trovni a riadenie etickych rizik. Podobne MIT Sloan Management
Review (Davenport, cit. in Sloanreview, 2026) poukazuje na to, Ze mnohé Al iniciativy
zlyhavaju nie pre technologické, ale pre liderské a governance dovody - organizécie potrebuji
novu architektiru vedenia, ktora integruje technologiu, stratégiu, riziko a organiza¢ni zmenu.

Vzt'ah medzi biznisom a IT oddelenim (business—IT alignment) je v kontexte Al osobitne
dolezity, ked’ze uspesna implementécia si vyZaduje, aby technické rieSenie zodpovedalo realnej
biznisovej potrebe a aby biznisovi vlastnici procesu boli aktivne zapojeni do definovania
poziadaviek a hodnotenia vysledkov, nielen do forméalneho schval'ovania rozpoctu. V praxi
malych a strednych podnikov pritom hranica medzi biznisovou a technickou rolou ¢asto splyva
- tu isti osobu zastava vlastnik alebo konatel’ firmy.

2.4 Governance Al a organizacéné zmeny

S narastajucim rozsahom nasadenia Al rastie aj potreba governance ramcov, ktoré
zosulad'uju investicie do Al s cie'mi organizécie, riadia etické a regulacné rizika a zabezpecuju
konzistentnost’ a auditovatelnost’ vystupov (Databricks, 2025; AWS Cloud Adoption
Framework, 2025). Governance Al pritom nie je jednorazovym opatrenim, ale kontinudlnym
procesom monitorovania vykonnosti modelov, driftu dat a suladu s reguldciou. Na urovni
Europskej tinie predstavuje kI'icovy regulacny ramec Akt o umelej inteligencii (Al Act), ktory
zavadza rizikovo orientovany pristup k regulécii Al systémov a harmonizované poziadavky na
ich vyvoj a nasadenie naprie¢ ¢lenskymi Statmi.

2.5 Organizacné zmeny, odpor zamestnancov a psychologické aspekty

Stbezne s technologickymi a riadiacimi aspektmi venuje literatira znacnu pozornost
Pudskému rozmeru implementacie Al. Golgeci, Ritala, Arslan, McKenna a Ali (2025) na
zaklade integrativneho prehladu literatary identifikuju kI'a€ové kognitivne dimenzie odporu
zamestnancov vo¢i Al - strach zo straty zamestnania, obavy z technologickej zlozitosti,
vnimanu neistotu a hrozbu pre profesijni identitu - a navrhuji procesudlny ramec, podla
ktorého sa odpor da zmiernit' transparentnou komunikaciou, zapojenim zamestnancov do
rozhodovania a poskytnutim adekvatneho vzdelavania. Savolainen, Ylinen, Gronroos a
Oksanen (2026) v systematickom prehl'ade vyskumov postojov zamestnancov k Al za
poslednych pét rokov konStatuji, ze zamestnanci vnimaju Al ambivalentne - sucasne ako
prilezitost’ aj ako zdroj obdv, pricom miera expozicie, vzdelavania a komplementarity tloh
koreluje s pozitivnejsSim postojom. Frey a Osborne (2017) vo svojej klasickej Studii o citlivosti
pracovnych miest na automatizaciu upozornili, Ze riziko nahradenia sa netyka iba manualnych,
ale aj kognitivne naro¢nych povolani, ¢o koreluje aj s nov§imi zisteniami o tom, Ze prave
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vysoko intelektudlne profesie (pravo, medicina, marketing) si vystavené vyznamnej miere
disrupcie umelou inteligenciou.

2.6 Syntéza a otvorené otazky

Sthrnne mozno konstatovat’, Ze literatura sa zhoduje na viacerych bodoch: (1) GspeSnost’
implementacie Al zévisi od sGcasného pdsobenia technologickych, organizacnych a
environmentalnych faktorov (TOE ramec); (2) kvalita a pripravenost’ dat predstavuje jednu z
najCastejSie citovanych bariér; (3) vedenie zo strany top manazmentu a jasné vymedzenie
biznisového vlastnictva procesu su kritické; (4) odpor zamestnancov je bezny a manazovatel'ny
najmi prostrednictvom komunikdacie a vzdeldvania. Zaroven vSak literatura prevazne Cerpa z
velkych organizacii alebo kvantitativnych prierezovych $tadii, pricom hibkovy kvalitativny
pohl'ad na to, ako presne tieto procesy prebiehaju v malych a strednych podnikoch stredne;j
Eurépy - vratane neformalnych, improvizovanych ciest k implementacii - zostdva menej
preskiimany. Prave tito medzeru sa snazi vyplnit’ predkladand empirické analyza.

3  Vyskumny dizajn

Cielom vyskumu bolo zmapovat’ a analyticky interpretovat’ proces implementacie umelej
inteligencie v slovenskych podnikoch - od spistacicho momentu a stanovenia cielov, cez vol'bu
technologii a organizaciu implementéacie, az po bariéry, doterajSie skusenosti a plany do
budiicnosti. Vyskum bol vedeny nasledujiicimi vyskumnymi otdzkami:

1. V ktorych oblastiach a procesoch podniky Al najcastejSie vyuzivaju a ¢o je ddvodom
tejto vol'by?

2. Aké boli spustacie momenty a hlavni inicidtori implementacie AlI?

3. Aké ciele si podniky stanovili a do akej miery boli formalizované a meratelné?

4. Ako je organizované riadenie implementacie z pohladu biznisovej a technickej
zodpovednosti?

5. Aké bariéry a vyzvy podniky pri implementacii zazili a ako ich riesili?

Empirickt bazu tvori 18 polostrukturovanych telefonickych rozhovorov realizovanych v
ramci  projektu  Al-ImpactSK, financovaného =z prostriedkov Eurdpskej tUnie -
NextGenerationEU prostrednictvom Planu obnovy a odolnosti SR. Rozhovory boli vedené na
zaklade jednotnej sady otvorenych otazok pokryvajicich oblast’ vyuzitia Al, spustaci moment,
ciele, vyber technoldgie, priebeh implementécie, del'bu zodpovednosti, bariéry a plany do
buducnosti, pricom moderator v priebehu rozhovoru pruzne reagoval na odpovede respondenta.
Respondentmi boli konatelia, majitelia, riadiaci alebo technicki pracovnici zodpovedni za
oblast’ Al v danom podniku. Analyzovana vzorka pokryva 19 podnikov (jeden rozhovor sa tykal
sucasne dvoch prepojenych spolo¢nosti v skupine), pricom velkost” podnikov sa pohybovala
od jednoosobovych firiem az po spolo¢nosti s vySe dvesto zamestnancami a odvetvové
zameranie zahfiialo softvérovy vyvoj a Al konzultaéné sluzby, e-commerce, vyrobu,
stavebnictvo, farmaceuticky priemysel, marketing, energetiku a sluzby v oblasti bezpecnosti
prace.

4 Vysledky vyskumu
4.1 Oblasti vyuZitia AI

Analyza rozhovorov naznacuje, Ze vyuzitie Al v skimanych podnikoch sa vyrazne lisi
podla odvetvia a velkosti firmy, no naprie¢ pripadmi mozno identifikovat niekolko
dominantnych oblasti. Naj¢astejSie zastipenou oblastou je podpora vyvoja softvéru - Al
asistovany zapis kodu vyuzivaju takmer vSetky IT firmy vo vzorke, priCom vo viacerych
pripadoch ide uZ o nasadenie viacerych stibezne pracujicich Al agentov namiesto jednotlivych
promptov. Druhou vyraznou oblastou je marketing a tvorba obsahu, kde sa Al vyuZziva na
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generovanie textov, socialne siete, e-mailovii komunikéciu a analyzu trhu. Tret'ou oblast'ou je
zakaznicka podpora a hlasovi agenti, kde Al plni ulohu bud’ priameho komunika¢ného kanala
so zakaznikom, alebo nastroja na hodnotenie kvality Pudskej komunikacie. Stvrtou oblastou je
spracovanie a klasifik4cia Struktarovanych aj nestruktarovanych dat - kategorizacia produktov,
analyza dokumentov a legislativy, OCR a spracovanie logistickych dat a technické vypocty v
stavebnictve.

Zaujimavym zistenim je, Ze iba v menSine pripadov respondenti opisali Al ako sucast’
jadrového procesu podniku; vo vicsine podnikov ide o podporné procesy, hoci hranica medzi
,Jadrovym® a ,,podpornym* procesom sa v odpovediach viacerych respondentov ukazala ako
pojmovo nejasnd - viaceri respondenti mali problém pojem interpretovat’ alebo nan odpovedali
len po vysvetleni. To potvrdzuje zistenie zo stcasnej literatury, ze koncept ,,jadrovosti* Al
procesu je v praxi menej ostro vymedzeny, nez predpokladaju teoretické ramce (Oldemeyer et
al., 2024), a ze klasifikacia procesu skor zavisi od miery, do akej si podnik uvedomuje
strategicky vyznam daného procesu, nez od jeho objektivnej pozicie v hodnotovom retazci.

Z hl'adiska technol6gii dominuje vo vzorke generativna Al (velké jazykové modely), ktort
v nejakej forme pouzivaju vSetky skimané podniky. Al agentov aktivne nasadzuje priblizne
polovica podnikov, prevazne tie s vlastnou vyvojarskou kapacitou. Prediktivna analytika sa
vyskytuje zriedkavejSie a spravidla v kombinacii so skladovym alebo vyrobnym planovanim.
Pocitacové videnie vyuzivaju iba podniky s konkrétnym use-case, priCom viaceri respondenti
uviedli, Ze experimentovanie s pocitacovym videnim v minulosti bolo naro¢nejsie a nakladovo
menej efektivne nez pouzitie hotovych jazykovych modelov.

4.2 Spustaci moment implementdcie AI

Rozhovory odhalili niekol'’ko opakujtcich sa vzorcov spistacich momentov, ktoré mozno
zoradit’ na kontinuu od ¢isto reaktivneho k plne strategickému rozhodnutiu. Na jednom péle
stoja pripady, v ktorych bola implementacia priamou reakciou na konkrétny biznisovy problém
alebo poziadavku zakaznika - klasickym prikladom je aj firma, kde spuStacom bola
neschopnost’ klientskej stavebnej firmy spracovat’ dopyty na cenové ponuky (z pévodnych
desiatich spracovanych zo sto prijatych dopytov na sti¢asnych sedemdesiat pontuk tyzdenne),
alebo dalSia firma, kde klient celil staznostiam koncovych zikaznikov na nespravne
kategorizovany tovar. V d’alSej firme vznikla ako priama reakcia na legislativiu zmenu (novela
stavebného zékona v roku 2025), ktord spdsobila chaos a dopyt po prehl'adnom, presnom
nastroji na orientaciu v predpisoch.

Na opac¢nom poéle stoja pripady, v ktorych bola implementacia vysledkom top-down
strategického rozhodnutia vedenia alebo materskej organizacie, kde iniciativa vzisla z
pravidelného vyhodnocovania procesov na urovni vedenia (board), alebo kde bola
implementécia ,,nariadena“ materskou spolocnostou. Medzi tymito polmi sa nachadza velka
skupina pripadov, v ktorych bol spustacom skor vSeobecny technologicky trend a osobné
nadSenie jednotlivca (,,organicky“ vyvoj) - firmy opisuju prichod ku AI ako plynulé
nadviazanie na celosvetovy ,bum®“ okolo generativnych modelov bez formalneho
rozhodovacieho procesu.

Empirické zistenia poukazuju na to, Ze velkost’ podniku a existencia vlastnej vyvojarskej
kapacity vyznamne suvisia s charakterom spustacicho momentu: firmy s dlhoro¢nou
skusenostou s Al technologiami pred nastupom generativnych modelov prijali rozhodnutie o
plosnom nasadeni jazykovych modelov takmer okamzite po dosiahnuti dostatocnej kvality
technologie, zatial’ o firmy bez predchddzajicej skusenosti postupovali opatrnejsie a fazovo.
Toto zistenie je konzistentné so zisteniami Bevilacqua et al. (2025), podla ktorych strategicka
orientdcia a predchadzajtica technologicka sktsenost’ vedenia vyrazne skracuje ¢as potrebny na
rozhodnutie o zavedeni Al
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4.3 Ciele implementdacie AI

Analyza cielov, ktoré si podniky pri zavadzani Al stanovili, odhal'uje vyrazny rozdiel medzi
formalne artikulovanymi a implicitnymi cielmi. Vo vécSine malych podnikov respondenti
explicitne uviedli, ze Ziadne formalizované, meratel'né ciele stanovené neboli - zavedenie Al
bolo motivované v§eobecnou snahou ,,ul'ahcit’ si pracu* alebo udrzat’ krok s trendom. Naproti
tomu vo firmach poskytujucich Al rieSenia tretim stranam boli ciele od zaciatku formulované
kvantitativne a naviazané priamo na obchodny pripad klienta - napriklad skratenie doby
spracovania cenovej ponuky zo Styroch az piatich mesiacov na jeden tyzden a znizenie
nakladov klienta z priblizne 4 500 eur na 500 eur za postdenie projektu, alebo zvysenie
presnosti kategorizacie produktov z 60 - 70 % na priblizne 90 %.

Vo vicsine pripadov sa napriek chybajicej formalnej metrike opakovane objavuju tri
kategorie deklarovaného prinosu: uspora ¢asu, tspora nakladov (¢asto vyjadrend ako ekvivalent
znizené¢ho poctu potrebnych pracovnikov) a zvySenie kvality vystupov. Viaceri respondenti
explicitne opisali efekt ,,urobit’ to isté s menSim poc¢tom l'udi* - napriklad projekt, ktory predtym
vyzadoval tri az Styri osoby, dnes zvlada jedna osoba v spolupréci s projektovym manazérom.
MenSia, no analyticky zaujimava skupina odpovedi poukazuje na kvalitativne odliSny typ
prinosu - nie zrychlenie existujucej prace, ale umoznenie prace, ktord by inak nebola
realizovatel'nd pre casovu alebo kapacitni naro¢nost’. Tento typ prinosu je v literature mene;j
zdoraznovany nez klasickd uspora nakladov, hoci prave on moéze mat’ najvacsi dlhodoby
strategicky vyznam, ked’Ze roz$iruje mnozinu ekonomicky uskutocnitelnych projektov firmy.

Viaceri respondenti zarovei explicitne spochybnili moznost presnej finan¢nej kvantifikacie
prinosu Al, ¢o poukazuje na metodologické obmedzenie, s ktorym sa stretavajii podniky pri
hodnoteni navratnosti investicie do Al - rozdiel medzi obdobim pred a po zavedeni Al je
pozorovatelny, no jeho pripisanie vyluéne Al technoldgii je podla respondentov empiricky
tazko obhdjitel'né.

4.4 Iniciator implementdacie AI

Vo vicsine skiimanych malych a strednych podnikov bol inicidtorom implementacie priamo
vlastnik alebo konatel’ spolo¢nosti, co potvrdzuje kl'aicova tlohu vrcholového manazmentu
zdoraziiovani v literatre (Bevilacqua et al.,, 2025). V tychto pripadoch splyva rola
strategického iniciatora s rolou operativneho realizatora - vlastnik je stcasne biznisovym aj
(Ciastocne) technickym vlastnikom projektu, ¢o je typicky znak mensSich organizécii s plochou
organiza¢nou Strukturou.

V stredne velkych a vicsich firmach sa objavuje odliSny vzorec - inicidtorom je bud’
Specializovany interny ,,Al Sampion®, teda zamestnanec s neformalne, ale fakticky vymedzenou
zodpovednost'ou za oblast’ Al bez toho, aby to bolo sti¢astou formalnej organizacnej Struktury,
alebo je iniciativa vysledkom kolektivneho rozhodnutia vedenia. Vo vynimoénych pripadoch
je inicidtorom externy subjekt - materskd spolocnost’ alebo dodéavatel' technologie, ktory
implementéciu prezentoval ako rieSenie. Zaujimavym zistenim je, Ze v pripade viacerych firiem
respondenti nemali Uplny prehl’ad o priebehu vlastnej internej implementacie, ¢o poukazuje na
riziko nedostatoéného zapojenia zodpovednych osdb a informacnej asymetrie medzi
realizatormi a formalne poverenymi respondentmi v menej vyspelych organizaciach.

Diskusia tychto zisteni potvrdzuje Ustrednti tézu literatiry o vodcovstve v ére Al
(Bevilacqua et al., 2025) - uspesnd a rychla implementicia je Uzko naviazana na osobnu
angazovanost a technologicki gramotnost’ najvysSiecho vedenia, najmi v prostredi malych
podnikov, kde neexistuje samostatna IT alebo inovacna jednotka. Zaroven rozhovory
naznacuju, ze v mnohych malych podnikoch neexistuje jasne definovana rola ,,vlastnika Al
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iniciativy* v zmysle formalnej organiza¢nej Struktary - zodpovednost’ vznik4 ad hoc, na zaklade
osobného zdujmu alebo predchadzajucich technickych zru¢nosti konkrétneho zamestnanca.

4.5 Riadenie implementdcie: biznis a technicka stranka
Biznisova stranka

Vo vicsine mikro- a malych podnikov je biznisova zodpovednost’ ststredend v osobe
vlastnika alebo konatel’a, ktory sucasne definuje poziadavky, hodnoti vysledky a spravidla sa
priamo podiela aj na testovani rieSenia. V stredne velkych firmach sa objavuje del'ba prace
medzi biznis analytikov, ktori opisuji a formalizuji podnikové procesy, a technickych
architektov, ktori navrhuju rieSenie. Jedna z firiem navysSe ako explicitnii podmienku uspesne;j
implementécie u klienta vyZaduje ustanovenie ,,biznisového vlastnika* na strane klienta - teda
osoby, ktord do detailov pozna dany proces a je schopna Al rieSenie priebezne dolad’ovat, o
je v sulade s literatirou zdoraziujicou dolezitost aktivneho zapojenia biznisu, nielen
formalneho schvalenia projektu (business-IT alignment).

Technicka stranka

Technické riadenie implementacie vykazuje tri odlisné modely. Prvym je Cisto interny
model, pri ktorom Al rieSenie vyvija a spravuje interny IT alebo vyvojarsky tim bez tcasti
externych partnerov - tento model prevazuje najmd medzi firmami, ktoré samotny vyvoj
softvéru povazuju za svoju hlavnt ¢innost. Druhym je hybridny model kombinujuci interny
tim s externymi Specialistami alebo dodavatel'mi - typicky najmé pre podniky mimo IT sektora,
ktoré nemaju vlastni dostato¢nt vyvojarsku kapacitu, no chcu si zachovat’ ¢iasto¢nt kontrolu
nad rieSenim. Tretim je model ndkupu a konfigurdcie hotovych néstrojov tretich stran bez
vlastného vyvoja, ktory je typicky pre firmy mimo technologického sektora, kde Al sluzi ako
podporny néstroj, nie ako stucast’ produktového portfolia.

Osobitne zaujimavym zistenim naprie¢ pripadmi je vedomé rozhodnutie viacerych firiem
kombinovat’ lokalne (on-premise) a externé cloudové modely v zdvislosti od citlivosti
spracivanych dat - tento pristup najexplicitnejSie opisali dve firmy, ktoré citlivé alebo
regulované data (,ktoré nemdzu opustit’ firmu*) spracivaju vyhradne lokalnymi modelmi,
zatial’ ¢o pre menej citlivé Glohy vyuzivaju vykonnejSie externé modely. Ide o konkrétny prejav
governance Al na trovni jednotlivého podniku, ktory spontanne reflektuje principy odporacané
v literatire o riadeni rizika a stlade s reguldciou (Databricks, 2025), hoci ani jeden zo
skimanych podnikov neuviedol existenciu formalizovaného, zdokumentovaného governance
ramca alebo Standardizovaného procesu pre Al projekty - vo vacsine pripadov na explicitna
otazku, ¢i maju Standardizovany proces zavadzania Al projektov, respondenti odpovedali
zaporne alebo otazke nerozumeli v kontexte vlastnej praxe.

4.6 Bariéry a vyzvy implementdcie

Naprie¢ takmer vsSetkymi rozhovormi sa opakuje niekolko kategdrii bariér. Prvou a
najCastejSie spominanou je nepripravenost’ a nekonzistentnost’ firemnych dat — firmy opisuji
situaciu, ked’ st data ,kade-tade”, kazdy zamestnanec ich uklada inak a chyba jednotna
Struktara, priCom Al natrénovand na testovacich alebo ,laboratornych® datach zlyhava pri
nasadeni na redlne, neusporiadané data klienta - rovnaky jav (rozdiel medzi vykonom na
fiktivnych a redlnych datach) nezavisle opisala aj d’alSia firma vo vztahu k vykresovej
dokumentécii, ked’Ze kazdy architekt pouziva odlisnt Struktiru stiborov. Toto zistenie priamo
koreluje so zavermi literatary, podl'a ktorej je prave datova pripravenost’ najcastejSie citovanou
technickou bariérou implementacie Al v MSP (Sénchez et al., 2025; Oldemeyer et al., 2024).

Druhou opakujucou sa témou je nedeterministicky charakter a halucinacie vystupov
generativnej Al. Viaceri respondenti nezavisle od seba opisali potrebu neustalej l'udskej
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kontroly a verifikacie vystupov a kvantifikovali mieru halucinacii jednotlivych néstrojov na
urovni priblizne 30 %. Firmy ilustrovali nedeterministickost’ analdgiou, Ze opakovany dopyt
nemusi stopercentne viest' k rovnakej odpovedi. TaktieZ tento jav zovSeobecnili na explicitny
organizany princip - kedZe Al generuje iba pravdepodobnostné vystupy, monitoring a
verifikdcia musia byt’ podstatne doslednejSie ako pri praci vyhradne s l'udskymi pracovnikmi.
Této skupina zisteni koncepéne zodpoveda dorazu, ktory na spol'ahlivost’ a doveryhodnost” Al
vystupov kladie literatira o Al governance (AWS Cloud Adoption Framework, 2025;
Databricks, 2025).

Tretou kategoriou bariér je nedostatocna Al gramotnost’ zamestnancov a s flou suvisiace
nerealistické ocakdvania. Jedna z firiem konkrétne opisala pripad zamestnanca, ktory po
niekol’kych tyzdnoch prestal pouzivat' zaplatent licenciu Al néstroja, pretoZze nevedel
formulovat’ zadanie a oCakaval, Ze néstroj ,,urobi vSetko sam®; podobny motiv sa opakuje aj u
d’alSich firmach, kde kvalita vystupu Al priamo zavisi od kvality a podrobnosti zadania ulohy.
Toto zistenie je v sulade s literatrou zdoraziujiicou ddlezitost’ vzdeldvania a tréningu ako
nastroja na zmierfilovanie odporu a nespravneho pouZzivania Al (Golgeci et al., 2025).

Stvrtou kategériou su pravne a etické bariéry, ktoré sa objavuju menej frekventovane, ale s
vysSou zavaznostou tam, kde sa vyskytuju - ochrana osobnych tudajov, autorské prava k
technickym normdm a zdrojovym koédom a otazka transparentnosti voc¢i zakaznikovi pri
komunikacii s hlasovym Al agentom - v oboch poslednych pripadoch sa podniky rozhodli pre
pragmatické, nedokumentované rieSenie (neinformovat’ aktivne, ale umoznit' prepojenie na
¢loveka na poziadanie), co poukazuje na absenciu jednotného, externe stanovené¢ho Standardu
correct disclosure practice v prostredi MSP.

Piatou kategoriou je organiza¢ny odpor a obavy zo straty zamestnania. Odpor sa v skimanej
vzorke prejavil vo viacerych formach: otvorend skepsa a nezaujem, pasivna sabotaz zo strany
zamestnancov obavajucich sa o svoju poziciu, odmietnutie komunikovat’ s Al zo strany
koncovych zdkaznikov a symbolicky odpor zamestnancov verejnej spravy pri prezentacii Al
rieSenia. Zaujimavé je, ze vo firmach poskytujicich Al rieSenia sa interny odpor takmer
nevyskytoval - zamestnanci vidia Al ako st€ast’ svojej profesijnej identity a produktu firmy -
zatial’ o odpor sa presuva na stranu koncového zakaznika alebo klienta. Toto zistenie Ciastocne
roz§iruje zavery Golgeciho et al. (2025) a Savolainen et al. (2026) o tom, Ze miera expozicie a
profesijna blizkost” k technoldgii koreluje s pozitivnej$im postojom, ked’Zze v tomto pripade sa
ukazuje, Ze odpor sa nevytraca, ale presiva sa medzi roznymi skupinami stakeholderov
(zamestnanec verzus koncovy zadkaznik) v zavislosti od toho, kto ma k technoldgii blizsie.

5 Diskusia

Empirické zistenia vo viacerych bodoch potvrdzujii zavery existujucej literatiry, no
zaroven prindsaju niekol'’ko novych akcentov. Po prvé, potvrdzuje sa centralna uloha kvality a
pripravenosti dat ako limitujuceho faktora (Sanchez et al., 2025; Oldemeyer et al., 2024) - vo
vzorke slovenskych podnikov sa tento problém prejavuje vyraznejSie ako nedostatok
technologie samotnej, €o je v sulade so zdvermi, Ze bariéry adopcie AI v MSP st prevazne
organizacné, nie technologické.

Po druhé, potvrdzuje sa kl'icova uloha vrcholového manazmentu a jeho technologicke;j
gramotnosti (Bevilacqua et al., 2025) - v skimanej vzorke je tito vdzba mimoriadne priama,
ked’ze vo vicsine malych podnikov je vlastnik/konatel' sucasne aj hlavnym, casto jedinym
nositel'om Al kompetencie.

Po tretie, zistenia o odpore zamestnancov koresponduju so zadvermi Golgeciho et al. (2025)
a Savolainen et al. (2026), pricom empiricky materidl prindsa doplilujuci poznatok, ze v
prostredi, kde je Al sucastou produktu firmy, sa odpor zamestnancov vyrazne znizuje, avsak
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presuva sa na uroveil koncového zékaznika - tento presun stakeholderskej lokalizacie odporu
nie je v analyzovanej literatare takto explicitne opisany a predstavuje ¢iasto¢ne novy poznatok
prineseny analyzou rozhovorov.

Po stvrté, zistenia o hybridnom vyuzivani lokalnych a cloudovych modelov v zavislosti od
citlivosti dat predstavuju prakticky, spontanne vzniknuty prejav governance Al, ktory sa v
literature spravidla opisuje ako odporacany, formalizovany postup (Databricks, 2025; AWS,
2025) - v analyzovanej vzorke vSak ide o neformalizovanu, intuitivne vytvoreni prax bez
podpory zdokumentovaného ramca, ¢o naznacuje, Ze aj v prostredi bez formalneho governance
mozu podniky spontanne dospiet’ k funkénym, rizikovo diferencovanym rieSeniam.

Napokon, zistenie o type prinosu presahujicom jednoduché zrychlenie existujucej prace -
teda umoznenie préce, ktord by inak nebola ekonomicky realizovatel'nd - rozsSiruje klasickt
trichotomiu cielov Al (automatizdcia procesov, ziskavanie poznatkov, angazovanie
pouzivatel'ov) podl'a Davenporta a Ronankiho (2018) o $tvrty typ prinosu, ktory by bolo mozné
pojmovo oznacit’ ako ,,rozsirenie realizovatel'nej mnoziny uloh* (expansion of the feasible task
set), a ktory si podl'a doterajSej analyzy zasluhuje v budiicom vyskume samostatnii pozornost’.

Limity vyskumu

Predlozeny vyskum ma viacero metodologickych obmedzeni, ktoré je potrebné zohl'adnit’
pri interpretacii vysledkov. Ide o kvalitativny vyskum s malou, uc¢elovo neprobabilistickou
vzorkou 19 podnikov, ktorého vysledky preto nie je mozné Statisticky zovSeobecnit’ na celi
populaciu slovenskych podnikov. Vzorka navySe vykazuje nerovnomerné zastupenie odvetvi,
s vyraznou prevahou podnikov z oblasti softvérového vyvoja a IT sluzieb, ¢o mohlo skreslit’
zavery smerom k technologicky vyspelej$im pripadom. Vypovede st zaloZené na subjektivnom
vnimani jednotlivych respondentov, ktori v niektorych pripadoch neboli priamymi realizatormi
implementécie alebo nemali uplny prehl'ad o vSetkych aspektoch procesu, ¢o mohlo viest’ k
neuplnym alebo nepresnym odpovediam v niektorych tematickych okruhoch (najmi pri
otazkach tykajucich sa presnej del'by zodpovednosti a metodiky merania prinosov). Rozhovory
boli realizované telefonicky v obmedzenom casovom rozsahu, ¢o mohlo v niektorych
pripadoch limitovat’ hibku odpovedi. Napokon, ked’ze ide o rychlo sa vyvijajucu technologicku
oblast’, zistenia odrazajl stav poznania a praxe v ¢ase realizécie rozhovorov a ich platnost' moéze
byt v priebehu kratkeho ¢asu prekonand d’al§im technologickym vyvojom.

6 Zaver

Predlozeny c¢lanok analyzoval na zaklade 18 poloStrukturovanych rozhovorov so
zastupcami 19 slovenskych podnikov proces implementicie umelej inteligencie - od
spustaciecho momentu, cez stanovenie ciel'ov a organizéciu riadenia, az po bariéry a doterajSie
praktické skusenosti. Ciel’ ¢lanku bol naplneny: podarilo sa identifikovat’ opakujice sa vzorce
aj vyznamné rozdiely medzi podnikmi r6znej velkosti a odvetvového zamerania, a tieto zistenia
zasadit' do kontextu existujucej vedeckej literatury o adopcii Al, digitdlnej transformaécii,
vodcovstve a governance.

Medzi hlavné zistenia patri, Ze implementacia Al v malych podnikoch prebieha prevazne
organicky, bez formalizovanych cielov a s vlastnikom firmy ako sGfasnym inicidtorom,
biznisovym aj technickym nositel'om projektu, zatial’ ¢o vo vicsich firmach nadobuda podobu
formalizovanejSieho, strategicky riadeného procesu s jasnejSou del'bou biznisovej a technickej
zodpovednosti. Za najvyznamnejSie bariéry sa ukdzali nepripravenost’ firemnych dat,
nedeterministicky charakter a halucinacie vystupov Al, nedostatocna Al gramotnost’
zamestnancov a chybajuci formalizovany governance rdmec, hoci viaceré podniky spontanne
vyvinuli funkéné, rizikovo citlivé praktiky (napriklad kombindciu lokalnych a cloudovych
modelov).
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Vedeckym prinosom ¢&lanku je najmd empiricky podlozeny, hibkovy pohlad na
implementéaciu Al v prostredi malych a strednych podnikov strednej Eurépy, ktory dopliia
doterajSiu literatiiru opierajicu sa prevazne o vel'ké organizacie alebo kvantitativne prierezové
data, a identifik4cia dvoch Ciasto¢ne novych poznatkov - presunu lokalizécie zamestnaneckého
odporu smerom ku koncovému zdkaznikovi vo firméach, kde je Al stcastou produktu, a
roz$irenia typologie prinosov Al o kategoriu ,,rozSirenia realizovatel'nej mnoziny tloh®.

Z praktického hladiska zistenia naznacujl, ze malé a stredné podniky by mali venovat’
systematickejSiu pozornost priprave a Struktare firemnych dat este pred zavadzanim Al rieSent,
investovat’ do vzdel4dvania zamestnancov v oblasti efektivneho zaddvania uloh Al néstrojom a
explicitne definovat’, aspoil na neformalnej urovni, biznisového vlastnika kazdého Al projektu.
Pre d’al$i vyskum sa odportca realizovat’ kvantitativnu, reprezentativnu $tadiu overujiicu mieru
zovseobecnitelnosti identifikovanych vzorcov, ako aj longitudindlny vyskum sledujici vyvoj
governance praktik a organizacnych zmien v Case, ked’Ze technoldgia aj prax jej nasadenia sa
vyvijaji mimoriadne rychlo.
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Key drivers influencing AI adoption in Slovak enterprises
Anna Hamranova, Dana HruSovska, Simona Kosztanko

Abstract

The aim of the paper is to identify the key motivational factors influencing the adoption of
artificial intelligence (Al) in enterprises operating in Slovakia and to examine their underlying
structure. The research focuses on identifying the factors that most strongly support the
implementation and practical use of Al in business practice.

Methods: The empirical research was conducted through a questionnaire survey involving a
sample of 816 enterprises. The data were analysed using descriptive statistics and exploratory
factor analysis, applying the Minimum Residual (MinRes) extraction method with Oblimin
oblique rotation. The suitability of the data for factor analysis was confirmed by Bartlett’s test
of sphericity and a high Kaiser—Meyer—Olkin (KMO) measure of sampling adequacy.

Results: The most significant motivational factors driving Al adoption include the pursuit of
higher efficiency, the automation of business processes, cost reduction, and improved decision-
making. The factor analysis identified two interrelated factors, with the dominant factor
encompassing enterprises’ internal strategic and performance-oriented motivations. The
findings indicate that Al adoption is primarily driven by the need to enhance organizational
performance, innovation, and competitiveness, whereas external drivers, such as competitive
pressure, play a less significant role.

JEL classification: L25, M15, O33
Keywords: Al adoption, motivational factors, Slovak enterprises

1 Introduction

Artificial intelligence (AI) has emerged as one of the most transformative technologies of
the digital economy, fundamentally changing the way organizations create value, make
decisions, and achieve competitive advantage. Through advanced data analytics, machine
learning, natural language processing, and intelligent automation, Al enables organizations to
optimize business processes, improve operational efficiency, and develop innovative products
and services (Dwivedi et al., 2021; Verhoef et al., 2021). Consequently, Al is increasingly
regarded not only as a technological innovation but also as a strategic capability that enhances
organizational resilience, fosters innovation, and supports long-term competitiveness. Despite
the growing availability of Al technologies, their adoption across organizations remains highly
uneven. While some enterprises have successfully integrated Al into their strategic management
and day-to-day operations, many organizations continue to postpone or reject its
implementation due to technological, organizational, financial, regulatory, and behavioral
barriers (Johnk et al., 2021). Understanding the factors that motivate or discourage Al adoption
has therefore become an important research topic for both academics and policymakers seeking
to accelerate digital transformation and strengthen economic competitiveness. This study
addresses these challenges by examining the motivational factors, managerial attitudes, and
organizational conditions that influence the adoption of artificial intelligence in organizations
at different stages of the adoption process. Particular attention is devoted to identifying the key
drivers of Al adoption in enterprises and uncovering the latent dimensions that shape
organizational decision-making regarding Al implementation. The aim of the paper is to
contribute to a deeper understanding of the factors influencing Al adoption and to provide
empirical evidence that can support the development of digital transformation strategies at both
the organizational and national levels.
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2  Current State of the Solved Problem at Home and Abroad

The adoption of artificial intelligence has become one of the central research topics in the
fields of digital transformation, information systems, and innovation management. Existing
studies consistently demonstrate that the successful implementation of Al depends on the
complex interaction of technological, organizational, environmental, and behavioral factors
rather than on technological availability alone (Dwivedi et al., 2021; Mikalef & Gupta, 2021).
One of the most influential theoretical frameworks explaining organizational technology
adoption is the Technology—Organization—Environment (TOE) framework, which argues that
innovation adoption is jointly determined by technological characteristics, organizational
readiness, and environmental conditions (Baker, 2012). Numerous recent studies have
successfully applied and extended this framework to Al adoption by incorporating managerial
commitment, organizational culture, digital maturity, ethical concerns, and organizational
readiness as additional explanatory variables (Johnk et al., 2021). Behavioral perspectives also
play an important role in explaining Al adoption within organizations. The Technology
Acceptance Model (TAM) (Davis, 1989) and the Unified Theory of Acceptance and Use of
Technology (UTAUT) (Venkatesh et al., 2003) suggest that adoption decisions are influenced
by perceived usefulness, perceived ease of use, social influence, and facilitating conditions. In
organizational settings, these behavioral determinants are complemented by leadership support,
employee competencies, organizational learning, and an innovation-oriented culture (Vial,
2019; Dwivedi et al., 2021).

Mikalef and Gupta (2021) identify four major groups of determinants influencing Al
adoption. The first comprises technological factors, including data quality, IT infrastructure,
cybersecurity, interoperability, and technological complexity. The second encompasses
organizational factors such as financial resources, digital capabilities, workforce skills,
leadership commitment, and organizational readiness. The third includes environmental
determinants, particularly government policies, competitive pressure, regulatory frameworks,
and access to external expertise. Finally, behavioral factors—including trust in Al, perceived
risks, resistance to change, ethical concerns, and managerial attitudes—have become
increasingly important predictors of organizational adoption decisions.

Research further suggests that organizations face different challenges depending on their
stage of Al adoption. Organizations that have already implemented Al primarily focus on
maximizing business value, integrating Al into business processes, and scaling existing
solutions. Potential adopters tend to emphasize financial uncertainty, insufficient technical
expertise, and uncertainty regarding the expected business benefits. In contrast, non-adopting
organizations most frequently cite limited awareness of Al opportunities, insufficient
organizational capabilities, inadequate employee competencies, concerns about implementation
costs, and regulatory compliance as the main barriers to adoption (Johnk et al., 2021). An
increasingly recognized phenomenon in Al adoption research is organizational uncertainty.
Many organizations neither reject nor actively pursue Al adoption but remain undecided due to
limited knowledge, insufficient practical experience, or uncertainty regarding implementation
outcomes. Such neutrality has been identified as a significant barrier delaying Al diffusion and
slowing the digital transformation of organizations (Johnk et al., 2021; Vial, 2019).

Although international research on Al adoption has expanded considerably, empirical
evidence from Slovakia and other Central and Eastern European countries remains relatively
limited. Existing studies have focused predominantly on technologically advanced economies
and large multinational enterprises, while organizations operating in smaller economies with
different institutional and digital environments have received substantially less attention.
Moreover, only a limited number of studies simultaneously compare organizations that have
already adopted Al enterprises planning adoption, and organizations that have not yet adopted
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Al within a unified analytical framework. Addressing this research gap is essential for
understanding the diversity of Al adoption pathways and for designing differentiated policy
instruments and managerial strategies that reflect the specific needs of organizations at different
stages of Al readiness. Building upon these theoretical and empirical insights, the present study
adopts a multidimensional analytical framework integrating technological, organizational,
behavioral, and environmental perspectives to examine the motivational factors, adoption
barriers, managerial commitment, and employment-related impacts associated with Al
adoption. This approach provides a comprehensive understanding of AI adoption in
organizations and supports the formulation of evidence-based recommendations for both
business practice and public policy.

3 Research Design and Methodology

This chapter presents the research objective, the conceptual research framework, the
research variable model, and the methodological approach applied in the study.

The main objective of the paper is to examine the key motivational factors driving the
implementation of artificial intelligence in enterprises operating in Slovakia and to identify the
factors that have the greatest influence on its adoption and practical use. Investigating these
factors is particularly important given the growing role of artificial intelligence as a tool for
enhancing competitiveness, improving process efficiency, and strengthening the innovation
potential of enterprises. The conceptual research framework, which systematizes the
relationships among the research variables and the analysed factors, is presented in Figure 1.

Figure 1

Research framework
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Source: own processing

The research objective is supported by the following null and alternative hypotheses:

HO (Null Hypothesis): There are no significant differences in the influence of individual
motivational factors (drivers) on the adoption and use of artificial intelligence in enterprises; all
factors exert an equal level of influence.

H1 (Alternative Hypothesis): There are significant differences in the influence of
individual motivational factors (drivers) on the adoption and use of artificial intelligence in
enterprises; some factors exert a substantially stronger influence than others.

Testing these hypotheses makes it possible to identify the relative importance of individual
motivational factors and contributes to a deeper understanding of the determinants of artificial
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intelligence implementation, providing important implications for the development of strategies
that support its effective adoption in business practice.

The research was conducted through a questionnaire survey based on a conceptual model
of research variables. The questionnaire was designed to capture the perceptions and attitudes
of organizations at different stages of Al adoption. The research model consisted of two groups
of variables. The first group (P1, P2...P4) comprised selected organizational characteristics,
including enterprise size, ownership structure, length of operation in Slovakia, and business
sector. These variables were measured at the nominal level, and the characteristics of the
research sample based on these variables are presented in Table 1.

Table 1
Research Sample Characteristics

Selected firm characteristics No. %

P1 — Company size Small (10-49 employees) 222 27.21
Medium (50-249 employees) 246 30.15
Large (250+ employees) 348 42.65

P2 — Ownership Private domestic ownership 391 47.92
Private foreign ownership 326 39.95
Public ownership* 0 0.00
Mixed ownership 99 12.13

P3 — Duration of business | <5 years 0 0.00

activity in Slovakia 5-10 years 248 30.39
> 10 years 568 69.61

P4 — Business sector A — Agriculture, forestry, and fishing 7 0.86
B — Mining and extraction 4 0.49
C — Industrial production 201 24.63
D — Supply of electricity, gas, steam, cold air 13 1.59
E — Water supply, sewage and waste management 7 0.86
F — Construction 56 6.86
G — Wholesale and retail trade; repair of motor vehicles 18 2.21
H — Transportation and storage 65 7.97
I — Accommodation and food services 33 4.04
J — Information and communication 87 10.66
K — Financial and insurance activities 73 8.95
L — Real estate activities 12 1.47
M — Professional, scientific, and technical activities 33 4.04
N — Administrative and support services 41 5.02
O — Compulsory social security 7 0.86
P — Education 20 245
Q — Health and social assistance 41 5.02
S — Other activities 98 12.01

Source: own processing

The second group of variables (KD1, KD2...KD19) captured the perceived motivational
factors identified from the literature, including competitive pressure, increased efficiency, cost
reduction, growing volumes of data, labor shortages, and management enthusiasm for Al. These
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variables were measured using a five-point Likert scale ranging from 1 ("Not important at all")
to 5 ("Key factor"). The motivational factors together with the respondents' evaluations are
presented in Table 2.

Data collection was carried out between September 2025 and January 2026. Respondents
were middle- and senior-level managers, as they were expected to possess sufficient knowledge
of their organizations' strategic orientation, internal capabilities, and attitudes toward the
implementation of artificial intelligence. The target population consisted of enterprises
operating in Slovakia with at least 10 employees, an annual turnover of at least EUR 200,000,
and a minimum of five years of business operations; public enterprises were excluded from the
study. After data cleaning, the final analytical sample comprised 816 enterprises. Organizations
operating for less than five years were excluded from the sample to ensure that all respondents
represented enterprises with established internal structures and accumulated organizational
experience relevant to evaluating strategic decisions related to artificial intelligence. The
duration of business operations in Slovakia was measured using three predefined categories (<5
years, 5—10 years, and >10 years); however, due to the exclusion criterion, only the latter two
categories were represented in the final sample.

The data were processed using Microsoft Excel. Standard descriptive statistical methods
and exploratory factor analysis were employed to evaluate the data and reduce the
dimensionality of the observed variables. Statistical analyses were performed using jamovi
(Version 2.6; The jamovi Project, 2025).

4 Research Result

The results are presented in the following structure: the percentage distribution of individual
responses, descriptive statistics, and the results of the exploratory factor analysis.

4.1 Percentage Distribution of Survey Responses

The percentage distribution of respondents' responses, together with the importance of the
individual motivational factors, is presented in Table 2.

The results presented in Table 2 and Figure 2 indicate that organizations primarily perceive
the implementation of artificial intelligence as a means of improving internal performance and
operational efficiency. The most important motivating factor is the pursuit of greater efficiency,
with more than 60% of respondents identifying this aspect as either important or a key driver.
Similarly, the automation of business processes is regarded as highly important, reflecting its
close association with process optimization and the reduction of manual intervention. Cost
reduction also represents a major driver, confirming that organizations approach Al
implementation from a predominantly economic perspective.

Another important motivational factor is the ability to respond more rapidly to customer
demand and changing market conditions, together with improved speed and quality of decision-
making. These findings suggest that organizations view Al as a tool for enhancing
organizational adaptability and managerial decision-making, particularly in environments
characterized by rapid change and increasing volumes of available data. This interpretation is
further supported by the relatively high importance assigned to factors such as real-time big
data analytics, improvements in the quality of internal processes, and the reduction of human
error.
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Table 2
Motivational factors influencing Al adoption
The meaning of motivational . Not Rather Rather Key
Label important not Neutral | .
factors . important | factor
at all important
KD | Competitive pressure from 8.54% 1922% | 31.67% | 32.38% | 8.19%
companies using Al
KD2 | Effort to increase efficiency 2.49% 10.32% 23.67% 44.48% 19.04%
KD3 | Effort to reduce costs 3.20% 11.03% 26.33% 42.70% 16.73%
KD4 CR:r%’;zi: gzttfe growing volume of | 5 50, 10.14% | 32.03% | 40.04% | 14.41%
KDS5 | Addressing labor shortages 7.83% 18.33% 34.16% 29.89% 9.79%
KD6 ?;:‘g;:j‘;ﬁg’e ze large volumes of | 4 150, 9.25% 29.72% | 44.48% | 12.46%
Kp7 | Faster response to demand and 3.74% 925% | 3043% | 4039% | 16.19%
market trends
KDS8 | Automation of business processes 2.67% 8.72% 25.80% 45.37% 17.44%
KD9 E:;‘g‘;ﬁi;? of customer 4.09% 12.63% | 30.78% | 38.79% | 13.70%
KDI10 X;’gnagccurate and faster decision- 3.91% 1121% | 2972% | 41.10% | 14.06%
KD11 | Creation of new business models 5.52% 12.28% 33.99% 38.79% 9.43%
KDI2 Lﬁ‘fﬁ!ﬁ;ﬁﬁ;’f internal business 3.56% 11.74% | 28.83% | 4181% | 14.06%
KDI13 l‘j‘r‘(’)cceel;r:;“’“ of innovation 3.56% 8.54% | 2847% | 4626% | 13.17%
KD14 | Improved risk management and 4.63% 12.63% | 3452% | 37.54% | 10.68%
prediction of unexpected events
KDI5 fﬂf;f:ed security requirements and | 5 (g, 12.99% | 30.96% | 38.08% | 12.28%
KD16 | Reduction of human error 4.63% 10.85% | 28.65% | 42.70% | 13.17%
KD17 Elagrlg C{Sjgtﬁfiazgii:veakne““ 3.20% 11.03% | 32.74% | 39.32% | 13.70%
KD1g | Better planning and more efficient 3.56% 9.07% | 29.89% | 4573% | 11.74%
management of research projects
kD19 | Enthusiasm of leadership or 4.09% 11.03% | 33.10% | 39.86% | 11.92%
management for Al

Source: own processing

In contrast, external and more transformative drivers are perceived as less influential.
Competitive pressure from firms already using Al ranks among the least important factors, with
a relatively large proportion of respondents evaluating it as neutral or of low importance.
Similarly, labor shortages and management enthusiasm for Al are not considered dominant
motivations for implementation. The development of new business models also receives
comparatively lower importance, suggesting that organizations have not yet fully exploited the
transformative potential of artificial intelligence.

Overall, the findings indicate that Al adoption in the surveyed organizations is primarily
driven by internal objectives related to operational optimization and performance improvement,
whereas strategic and innovation-oriented motivations play a secondary role. This pattern
suggests that most enterprises remain at a stage of gradual Al implementation, using the
technology mainly to improve the efficiency of existing processes rather than to fundamentally
transform their business models.
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Figure 2
Motivational factors influencing Al adoption
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4.2 Descriptive Statistics of the Motivational Factors

The mean values of the individual items range from 3.12 to 3.67 on a five-point Likert scale,
indicating a moderate to moderately high level of agreement with the respective statements.
The highest mean was recorded for AIAfaktorymotivacia 2 (M = 3.67; SD = 0.98), followed
closely by AlIAfaktorymotivacia 8 (M = 3.66; SD = 0.95). In contrast, the lowest mean was
observed for ATAfaktorymotivacia 1 (M = 3.12; SD = 1.08); however, this value still exceeds
the midpoint of the scale.

The median equals 4 for most items, indicating that at least half of the respondents selected
a response of 4 or higher. The exceptions are items 1, 5, 11, and 14, for which the median is 3.
The mode is 4 in the majority of cases, whereas item 5 has a mode of 3, further confirming
respondents' general tendency toward agreement.

The standard deviation ranges from 0.94 to 1.08, indicating a moderate level of variability
in the responses. Thus, respondents' answers do not exhibit excessive dispersion and can be
considered relatively consistent.

All items display slight negative skewness (ranging from —0.22 to —0.67), indicating that
the distributions are moderately skewed to the left, with respondents tending to select higher
response categories (4 and 5). None of the skewness values exceeds the commonly accepted
threshold of +1, suggesting that the distributions are sufficiently symmetrical.

Kurtosis values range from —0.62 to 0.36, remaining close to zero. This indicates that the
distributions of the individual items deviate only minimally from a normal distribution.
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Overall, the descriptive statistics indicate that respondents evaluated the motivational
factors for Al adoption positively, with the mean values of all items exceeding the midpoint of
the scale. The variability of responses is moderate, and the distributions exhibit only minor
departures from normality. Based on the observed skewness and kurtosis values, the data satisfy
commonly accepted assumptions of normality and are therefore suitable for the application of
parametric statistical techniques, including correlation analysis, regression analysis, and
exploratory factor analysis.

4.3 Results of the Exploratory Factor Analysis

The exploratory factor analysis (EFA) was conducted using the Minimum Residuals
(MinRes) extraction method followed by Oblimin oblique rotation. The MinRes method
identifies latent factors by minimizing the discrepancies between the observed and model-
reproduced correlation matrices. Oblimin rotation allows the extracted factors to be correlated,
making it particularly suitable for organizational research, where the motivational drivers of
artificial intelligence adoption are not entirely independent but often complement and influence
one another. The number of factors was determined based on parallel analysis (Costello &
Osborne, 2005).

Assessment of the suitability of the data for exploratory factor analysis. To evaluate the
suitability of the data for EFA, Bartlett's test of sphericity and the Kaiser—-Meyer—Olkin (KMO)
measure of sampling adequacy were applied. Bartlett's test yielded a statistically significant
result (> = 4750, df =171, p <0.001), indicating the presence of sufficient correlations among
the variables. The overall KMO value reached 0.952, representing an excellent level of
sampling adequacy for factor analysis. The individual Measure of Sampling Adequacy (MSA)
values for all variables ranged from 0.896 to 0.969, indicating very good to excellent adequacy
(Kaiser & Meyer, 1974). Based on these results, it can be concluded that the data satisfy the
assumptions required for the application of exploratory factor analysis.

Table 3
Exploratory Factor Analysis
Factor Loadings Factor
1 2 Uniqueness
KD1 | Competitive pressure from companies using Al 0.336 0.700
KD2 | Effort to increase efficiency 0.760 0.378
KD3 | Effort to reduce costs 0.382 | 0.379 0.540
KD4 | Response to the growing volume of corporate data 0.629 0.582
KDS5 | Addressing labor shortages 0.680 0.683
KD6 | Ability to analyze large volumes of data in real time 0.518 0.575
KD7 | Faster response to demand and market trends 0.519 0.475
KD8 | Automation of business processes 0.371 | 0.410 0.516
KD9 | Improvement of customer relationships 0.630 0.582
KD10 | More accurate and faster decision-making 0.563 0.524
KDI11 | Creation of new business models 0.740 0.482
KD12 | Improvement of internal business process quality 0.448 | 0.314 0.535
KD13 | Acceleration of innovation processes 0.441 | 0.320 0.536
KD14 | Improved risk management and prediction of unexpected events 0.675 0.506
KD15 | Increased security requirements and threats 0.753 0.529
KD16 | Reduction of human error 0.589 0.596
KD17 | Rapid identification of weaknesses in products and services 0.653 0.544
KD18 | Better planning and more efficient management of research projects 0.688 0.524
KD19 | Enthusiasm of leadership or management for Al 0.604 0.621
Note. 'Minimum residual' extraction method was used in combination with a 'oblimin' rotation

Source: Own processing.
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The exploratory factor analysis of the motivational drivers of artificial intelligence adoption
identified a two-factor solution (F1 and F2), with the first factor emerging as clearly dominant
and accounting for the majority of the shared variance among the examined items. The first
factor encompasses a broad range of internal strategic, operational, and development-oriented
motivations. The highest factor loadings were observed for the items improving organizational
efficiency (0.760), addressing increasing security demands and threats (0.753), developing new
business models (0.740), improving the planning and management of research projects (0.688),
addressing labor shortages (0.680), and enhancing risk management and the prediction of
unexpected events (0.675).

This factor can be interpreted as representing internal strategic and performance-
oriented motivations for Al adoption, as it captures the expected benefits associated with
improved efficiency, innovation, decision-making, risk management, and overall
organizational performance. The factor score for F1 can be expressed as follows (after
excluding the items that loaded substantially on both factors):

F1=0.628*KD4+0.680*KD5+0.518*KD6+0.519*KD7+0.630KD9+0.630*KD10+0.740*
KD11+0.675*KD14+0.753*KD15+0.589*KD16+0.653*KD17+0.688*KD18+0.604*KD19

The second factor is considerably weaker and is represented by only a few items. Although
the highest loading is again observed for improving organizational efficiency (0.760), the
presented factor structure suggests that the second factor is primarily defined by competitive
pressure from organizations already using Al (0.336), the intention to automate business
processes (0.410), and, to a lesser extent, the intention to reduce costs (0.379). These items
reflect more external or immediate economic motivations; however, their factor loadings are
relatively low, and several variables exhibit substantial cross-loadings. Similar to the first
composite factor, the factor score for F2 can be expressed as:

F2=0.336 x KDI1 + 0.760 x KD2

Particular attention should be paid to KD3 — the intention to reduce costs (0.382; 0.379) and
KD8 — the intention to automate business processes (0.371; 0.410), which display nearly
identical loadings on both factors. Likewise, KD12 — improving the quality of internal business
processes (0.448; 0.314) and KD13 — accelerating innovation processes (0.441; 0.320) indicate
a certain degree of overlap between the two latent dimensions. The presence of these cross-
loadings suggests that the individual motivational drivers are not strictly independent but rather
complement one another in practice.

The uniqueness values range from 0.378 to 0.700. The lowest uniqueness is observed for
improving organizational efficiency (0.378), indicating that the extracted factors explain a
substantial proportion of its variance. In contrast, the highest uniqueness is found for
competitive pressure from organizations already using Al (0.700), suggesting that its variability
is largely influenced by factors not captured by the present model.

Overall, the findings indicate that the motivations underlying Al adoption are largely
unidimensional and primarily focused on the internal strategic and performance-related benefits
of Al. Although the analysis identified a second factor, its interpretative value is limited by the
small number of items loading uniquely on it and the presence of several cross-loadings. From
a practical perspective, the results point to a single dominant motivational dimension centered
on improving organizational performance, fostering innovation, and enhancing competitiveness
through the adoption of artificial intelligence.

The figure 3 presents a scree plot (eigenvalue plot), which is used to determine the optimal
number of factors to retain in exploratory factor analysis.
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Figure 3
Scree plot
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The scree plot clearly shows that the first factor has a very high eigenvalue (approximately
7.9), whereas the second factor has an eigenvalue only slightly above 0.5. From the second
factor onward, the curve flattens considerably, and all remaining factors exhibit very low
eigenvalues. The characteristic elbow occurs between the first and second factors, indicating
that the majority of the shared variance among the items is explained by the first factor.

These results suggest that the examined motivational drivers of artificial intelligence
adoption are predominantly unidimensional and can be interpreted as manifestations of a single
dominant latent construct. Although the exploratory factor analysis identified a two-factor
solution, the scree plot provides only limited support for the existence of a distinct second
factor. From a methodological perspective, the scree plot therefore supports the interpretation
of a single-factor model of Al adoption motivations.

5 Discussion

The comparison of the results obtained from the descriptive statistics and the exploratory
factor analysis shows that the two approaches are generally complementary, while providing
slightly different perspectives on the motivational drivers of Al adoption.

5.1 Consistent Findings

Both analytical approaches produced consistent findings. The highest percentages of
positive responses ("rather important" + "key factor") were recorded for KD2 — improving
organizational efficiency (63.52%), KD8 — automating business processes (62.81%), KD3 —
reducing costs (59.43%), KDI13 — accelerating innovation processes (59.43%), KD18 —
improving the planning and management of research projects (57.47%), and KD7 — responding
more rapidly to market changes (56.58%). Similarly, the exploratory factor analysis identified
the following items as having the strongest factor loadings: KD2 — improving organizational
efficiency (0.760), KD15 — increasing security requirements and threats (0.753), KDI11 —
developing new business models (0.740), KD18 — improving the planning and management of
research projects (0.688), KD5 — addressing labor shortages (0.680), and KD14 — improving
risk management (0.675). The strongest point of convergence between the two analyses is KD2
— improving organizational efficiency, which achieved both the highest percentage of positive
evaluations and the highest factor loading. This finding confirms that improving efficiency
represents the core motivation driving Al adoption among enterprises.
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Both analyses also consistently identify KD1 — competitive pressure as one of the least
influential drivers. This variable received the lowest percentage of positive evaluations
(40.57%), exhibited the highest uniqueness value (0.700), and showed a relatively low factor
loading (0.336). These findings indicate that competitive pressure is not a dominant
motivational factor for Al adoption among Slovak enterprises.

5.2 Differences in the Results

The percentage distributions reflect the absolute importance assigned to individual
motivational factors, whereas the exploratory factor analysis identifies which items tend to co-
occur and form common latent motivational dimensions. Consequently, several noteworthy
differences emerge:

a) Business process automation (KD8): This factor received a very high percentage of
positive evaluations (62.81%), yet its factor loadings were only 0.371 on F1 and 0.410
on F2. This suggests that, although automation is generally regarded as an important
driver, it is not uniquely associated with a single motivational dimension. Instead,
respondents link automation to several organizational objectives simultaneously.

b) Development of new business models (KD11): Despite receiving a relatively low
percentage of positive evaluations (48.22%), this item exhibited a very high factor
loading (0.740). This indicates that, although it is not a priority for all enterprises, it
constitutes an important component of the broader strategic motivation among
organizations pursuing Al-driven transformation.

c) Security and risk management (KD15 and KD14): These factors received only
moderate importance ratings in the descriptive analysis but emerged among the
strongest items in the factor analysis. This suggests that organizations do not perceive
them as primary stand-alone drivers of Al adoption; rather, they are closely associated
with an overarching strategic orientation toward Al

d) Labor shortages (KD5): Although this factor was among the less important motivators
in the descriptive analysis (39.68%), it achieved a high factor loading (0.680). The factor
analysis therefore indicates that labor shortages form part of a broader set of strategic
motivations for Al adoption, even though respondents do not consider them a decisive
driver when evaluated independently.

Overall, the results of the exploratory factor analysis confirm that the motivational drivers
of Al adoption in Slovak enterprises do not influence adoption decisions with equal strength
but instead exhibit substantially different factor loadings. Accordingly, the null hypothesis
(HO) is rejected, and the alternative hypothesis (H1) is accepted, indicating that individual
motivational factors differ significantly in their influence on the adoption and use of artificial
intelligence in enterprises.

6 Conclusion

The percentage distributions indicate that Slovak enterprises adopt Al primarily to improve
efficiency, automate business processes, reduce costs, and enhance operational performance.
However, the exploratory factor analysis reveals a deeper motivational structure: behind these
individual evaluations lies a single dominant latent factor that can be interpreted as the internal
strategic and performance transformation of the enterprise through AI. This dimension
encompasses not only efficiency and productivity but also security, risk management, the
development of new business models, project planning, and addressing labor shortages.

The descriptive analysis identified efficiency, business process automation, and cost
reduction as the most frequently cited reasons for Al adoption. In contrast, the exploratory
factor analysis demonstrated that these factors do not represent isolated motivations but rather
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form part of a broader latent dimension reflecting enterprises' strategic and performance-related
expectations of artificial intelligence. Overall, the findings suggest that Al adoption in Slovakia
is driven less by competitive pressure than by the pursuit of internal transformation and
enhanced organizational performance.
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Determinants of Artificial Intelligence Adoption and Segmentation of
Slovak Enterprises Based on Their Organizational Maturity Level

Iveta Kufelova, Dana HruSovska, Anna Hamranova

Abstract

The development of artificial intelligence (Al) represents one of the most significant
technological shifts in the modern economy, fundamentally impacting how enterprises operate,
compete, and innovate. Despite the increasing availability of Al technologies, their
implementation across enterprises remains uneven, Wwith organizational, strategic,
technological, and personnel factors playing a crucial role. This paper aims to identify the
determinants of Al adoption in Slovak enterprises and create a segmentation based on their
organizational maturity level to assess their readiness to implement Al solutions. The empirical
analysis utilizes data collected through the Al-impactSK research project from a sample of
Slovak enterprises. The research was conducted in two data collection phases, with the primary
sample consisting of 312 enterprises and the validation sample including an additional 643
enterprises, creating a robust dataset to verify the stability of the results.

JEL classification: L15, M22, O13
Keywords: artificial intelligence, Al maturity, artificial intelligence adoption, digital
transformation, enterprise segmentation, organizational readiness

1 Introduction

In recent years, Artificial Intelligence (AI) has become a primary driver in transforming
business processes, managing organizations, and building competitive advantage. The dynamic
growth of generative Al, machine learning, natural language processing, and analytical systems
is shifting the core nature of business operations, managerial decision-making, and entire value
chains. Implementing Al-driven solutions allows enterprises to automate routine tasks, process
vast amounts of data more efficiently, boost labor productivity, foster product and service
innovation, and build new business models for the data economy.

However, despite rapid technological progress, Al adoption remains uneven among
businesses. While some organizations implement advanced Al solutions as a core part of their
strategic activities, a significant portion of enterprises are still in the preparation phase or do
not plan to adopt Al at all. This gap indicates that the mere availability of technology does not
guarantee successful implementation. Instead, organizational capabilities, management quality,
employee readiness, data infrastructure, an innovation-driven corporate culture, and the ability
to strategically integrate Al into business processes play a decisive role.

Consequently, academic literature focuses heavily on the concept of Al maturity, which
offers a comprehensive assessment of an organization's readiness to implement, manage, and
scale Al technologies over the long term. Al maturity is understood as a multidimensional
construct encompassing technological, organizational, data, personnel, strategic, and ethical
aspects of Al adoption. A higher level of organizational maturity enhances a company's
capability to successfully implement Al solutions and effectively leverage their economic
potential.

Although Al maturity research is expanding globally, empirical studies analyzing Al
adoption determinants in Central European economies remain limited. This deficit is even more
pronounced for Slovak enterprises, where there is a lack of comprehensive empirical analyses
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based on representative data to identify the factors driving Al implementation and segment
businesses by their organizational readiness.

This paper addresses this research gap by presenting the findings of an extensive empirical
study conducted within the Al-impactSK project. The objective was to analyze Al
implementation levels in Slovak enterprises, identify adoption determinants, and segment
businesses based on their organizational maturity. The study was executed in two consecutive
phases, combining primary and validation data collections to verify the robustness of findings
across a total sample of 955 Slovak enterprises.

The main objective of this article is to identify the key determinants of Al adoption in
Slovak enterprises and empirically verify the relationship between organizational maturity and
the degree of Al implementation. Concurrently, the paper aims to segment businesses according
to their Al maturity and identify distinct organizational profiles regarding digital transformation
readiness. To achieve this goal, three research questions (RQ1, RQ2, RQ3) and three
corresponding research hypotheses (H1, H2, H3) were formulated.

2  Current State of the Solved Problem at Home

Digitization is one of the most powerful transformative forces in the modern economy, and
artificial intelligence (Al) is increasingly becoming its core technological component. While
the early stages of digital transformation focused primarily on process automation and
implementing corporate information systems, the current phase is characterized by a shift from
digitization to intelligent systems capable of autonomous data analysis, learning from
experience, and supporting managerial decision-making. Al is thus evolving from a mere
technological innovation into a strategic resource for business competitiveness.

2.1 Artificial Intelligence as a Driver of Corporate Digital Transformation

In academic literature, Al adoption is understood as a complex process of organizational
transformation that goes far beyond the deployment of software solutions. Successful Al
implementation requires aligning business strategy, organizational structure, processes, data
infrastructure, human resources, and governance systems. Studies increasingly emphasize that
technological readiness is only a baseline requirement, while strategic management, corporate
culture, and the ability to systematically develop digital competencies play a more critical role.

The advancement of generative Al has vastly expanded the use cases for Al across all
business processes - ranging from marketing, finance, and logistics to human resource
management, manufacturing, and customer service. However, the growing number of
applications also increases the demand for data governance, cybersecurity, ethical Al principles,
and the creation of appropriate Al governance frameworks.

2.2 The Concept of AI Maturity and the Methodological Framework of its Measurement

The concept of organizational maturity is an established approach for evaluating the
capacity of organizations to systematically manage processes, innovations, and technological
transitions. In the domain of artificial intelligence, the concept of Al maturity has evolved as a
multidimensional framework that enables the assessment of firms' readiness to implement,
develop, and effectively leverage Al technologies. Unlike traditional digitalization indicators,
which predominantly focus on the level of a firm's technological equipment, Al maturity
represents a complex construct encompassing technological, organizational, human, data,
strategic, and ethical dimensions. Modern Al maturity models operate under the assumption
that successful Al implementation is the outcome of a coordinated development of multiple,
mutually reinforcing organizational capabilities. The foundational dimensions of organizational
readiness include the strategic governance of Al the quality of data infrastructure, technological
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readiness, an innovation-supportive organizational culture, employees' digital competencies,
the Al management system, and ethical and regulatory mechanisms. From this perspective, Al
maturity cannot be reduced to the mere number of deployed Al applications. Instead, the
decisive criterion becomes the organization's ability to utilize artificial intelligence as an
integral component of business processes and strategic decision-making.

In alignment with this theoretical formalization, an empirical framework for measuring and
operationalizing the Al maturity of firms within the Slovak economic environment was
formulated as part of the Al-impactSK research project. To quantify this complex phenomenon,
a composite Al maturity index was developed, the construction of which is grounded in a
rigorous, multi-stage statistical procedure. In the primary phase of the maturity research, the
index was decomposed into seven dimensions that reflect the core areas of organizational
readiness, identified as follows:

1. Organizational Culture for Al: Assesses the firm's openness to innovation, learning
orientation, and human capital readiness.

2. Al Strategy: Evaluates the existence, quality, and level of integration of strategic
objectives regarding Al deployment.

3. Organizational Structure and Processes: Measures the alignment of internal
processes, governance mechanisms, and managerial systems.

4. Technological Infrastructure: Captures the availability, robustness, and sophistication
of digital and Al-related technologies.

5. Data Management Capability: Investigates the firm’s capacity to collect, store,
process, and govern data assets.

6. Ethical Readiness: Monitors the existence of internal policies and the overall
organizational awareness regarding responsible Al use.

7. Privacy and Security Capability: Evaluates the security level, compliance with
legislative frameworks, and risk management mechanisms for data protection.

Each of these dimensions was operationalized and measured across incremental levels of
organizational capabilities using a 5-point Likert scale (ranging from 1 to 5). The mathematical
aggregation of the parsimonious index subsequently proceeded in three complementary steps:

e Reliability Analysis: Prior to the synthesis of the index, the internal consistency and
coherence of the proposed scale were verified. For this purpose, Cronbach’s alpha and
McDonald’s omega coefficients were applied, confirming the high reliability and
stability of the measurement instrument.

e Principal Component Analysis: Given the assumption of high intercorrelation among
the individual maturity dimensions, Principal Component Analysis (PCA) was deployed
as a tool for data dimensionality reduction. The empirical extraction of the first principal
component provided robust evidence of the unidimensionality of the measured
construct. This component linearly captures the maximum possible variance of the
original variables and serves as the optimal mathematical foundation for the composite
score.

e Index Normalization: To ensure precise interpretability and facilitate comparison
across a heterogeneous population of firms, the resulting composite score (derived from
the weights of the first principal component) was normalized to a standardized linear
scale ranging from 0 to 100 points.

The proposed methodological model was empirically verified using two independent
datasets representing the business environment of the Slovak Republic. The primary dataset (N
= 312) was used for the initial estimation of latent structures, reliability verification, and the
calculation of the composite index. In the secondary phase, the validation dataset (N = 643)
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was leveraged for the cross-validation of findings, model robustness testing, and a more detailed
examination of specific factors (such as managerial approach, enterprise software level, and
employee competencies) that influence the transition of organizations through successive stages
of Al adoption.

2.3 Determinants of Artificial Intelligence Adoption

The factors determining Al adoption represent one of the fastest-growing areas of current
research. Systematic literature reviews indicate that successful Al implementation is influenced
by a combination of technological, organizational, human, and environmental factors, with their
relative importance varying by enterprise size, industry sector, and stage of digital
transformation.

e Strategic Management and Leadership Support: Top management support is a
primary determinant of Al adoption. Enterprises where leadership actively formulates
an Al strategy, fosters experimentation, and supports an innovative culture achieve
higher success rates in Al deployment. Transformational leadership positively
influences not only the initial decision to implement Al but also its deep integration into
core business operations.

e Technological Infrastructure: Technological readiness remains a foundational
baseline for Al adoption. This includes the availability of computing power, cloud-
based solutions, corporate information systems, and the capacity to integrate Al
applications into legacy infrastructure. However, empirical studies show that
technology alone does not guarantee success unless backed by proper organizational
readiness.

e Data Readiness: Data quality is a frequently cited prerequisite for effective Al
utilization. Having high-quality, consistent, and integrated data sources directly impacts
the accuracy and practical utility of Al models (p. 3). Concurrently, data governance is
becoming critical to ensure standardization, security, and data sharing across the entire
organization.

e Human Capital: The digital competencies of employees are widely discussed
determinants of Al adoption. Organizations with staff skilled in analysis, technology,
and management deploy Al far more successfully than companies facing talent
shortages. Consequently, continuous training and upskilling are integral parts of
corporate Al strategies.

e Organizational Culture: Empirical studies confirm that a corporate culture focused on
innovation, experimentation, and knowledge sharing strongly accelerates Al
implementation. Conversely, resistance to organizational change, low trust in new
technologies, or a lack of cross-functional collaboration serve as major barriers to digital
transformation.

2.4 Segmentation of Enterprises Based on AI Maturity Levels

The growing heterogeneity among businesses requires segmenting them by their readiness
to adopt Al Traditional classifications based solely on company size or industry are being
replaced by segmentations derived from organizational capabilities. Segmenting by Al maturity
allows researchers to identify groups of enterprises with shared characteristics in strategic
management, tech readiness, data infrastructure, corporate culture, and human capital. These
segments offer a practical basis for tailoring managerial recommendations and designing
targeted economic policy tools to support corporate digitization. Cluster analysis, principal
component analysis, and latent class models are the primary methods used in literature to
identify these homogeneous groups.
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2.5 Identification of Research Gaps, Research Questions, and Hypotheses

Most published empirical studies are conducted in technologically advanced economies,
leaving insights from Central and Eastern Europe limited (p. 4). Additionally, current research
tends to look at isolated adoption determinants, whereas comprehensive models integrating
technological, organizational, strategic, human, and ethical dimensions remain rare exceptions
Another gap is the small number of validation studies based on large-scale corporate databases.

Based on these theoretical foundations and research objectives, the following research
questions and hypotheses were formulated:

e RQI: Are there statistically significant differences in Al maturity levels among
enterprises based on their degree of artificial intelligence adoption?

o HIl: There are statistically significant differences in Al maturity levels among
enterprises based on their degree of artificial intelligence adoption.

e RQ2: Which dimensions of organizational maturity have the most significant impact on
artificial intelligence implementation?

o H2: Strategic management, organizational culture, technological readiness, and
employee digital competencies significantly increase the probability of artificial
intelligence adoption.

e RQ3: Is it possible to identify homogeneous segments of Slovak enterprises with
varying readiness to implement Al solutions based on their Al maturity levels?

o H3: Enterprises can be segmented into homogeneous groups with distinct readiness
levels for AI implementation based on their Al maturity dimensions.n

3 Research Design and Methodology

This study utilizes a quantitative research design aimed at identifying the determinants of
Al adoption and segmenting Slovak enterprises based on their organizational readiness for Al
implementation (Al maturity). The research framework followed a two-phase design. The first
phase consisted of exploratory research to map the main dimensions of organizational maturity
and their relationship to Al adoption. The second phase served to validate these findings on an
independent sample, ensuring higher robustness and reproducibility of the empirical results.

The empirical analysis was conducted on two independent datasets of Slovak enterprises
within the national project Al-impactSK. The primary database included 312 enterprises,
forming the foundation for constructing the AI maturity model and testing the hypotheses. The
second validation database consisted of 643 enterprises and was used to verify the stability and
generalizability of the findings. The total aggregated dataset thus comprised 955 enterprises
across various sectors of the Slovak economy. Respondents were individuals responsible for
strategic or technological management, primarily C-level executives, business owners, IT
managers, or heads of digital transformation.

Data processing involved descriptive statistics, group difference testing via the Kruskal-
Wallis test with subsequent post-hoc analyses, principal component analysis (PCA), ordinal
logistic regression, cluster analysis, and the construction of a composite Al Maturity Index. The
results confirm a statistically significant relationship between Al maturity levels and the degree
of Al adoption.

3.1 Operationalization of Variables

The primary dependent variable was the level of artificial intelligence adoption. This was
operationalized as an ordinal variable with three levels:

e 0 — the enterprise does not use Al and has no plans to implement it,
e 1 —the enterprise does not currently use Al but plans to implement it,
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e 2 —the enterprise has actively implemented Al solutions into its business processes.

The independent variables represented individual dimensions of organizational maturity. In
the primary phase, seven dimensions were evaluated: organizational culture, Al strategy,
organizational structure and processes, technological infrastructure, data readiness, ethical
readiness, and data privacy & security. In the validation phase, the analyzed dimensions
included: Al awareness, management approach to Al, digital tools, data readiness, IT
governance, human resources, and digital competencies. All items were measured on a 5-point
Likert scale, where higher values indicated superior organizational readiness.

3.2 Construction of the AI Maturity Index and Reliability Verification

Principal Component Analysis (PCA) was used to reduce data dimensionality and create a
synthetic index of organizational readiness. Prior to analysis, all variables were standardized
using z-scores to eliminate scale bias across indicators. The selection of principal components
was based on Kaiser's criterion (eigenvalue > 1) and a visual analysis of the Scree plot. The
first principal component captured the latent variable representing the overall level of
organizational readiness for Al implementation. Based on this component, an Al Maturity Index
was constructed and normalized to a 0-100 scale to improve interpretability and allow
benchmarking across companies.

Before executing inferential analyses, the internal consistency of the components was
verified. Reliability was evaluated using Cronbach's a and McDonald's o coefficients.

An o > 0.70 was considered acceptable, with higher values indicating strong internal
consistency. Utilizing both coefficients eliminated the traditional limitations of Cronbach's
alpha and enhanced the methodological reliability of the research.

3.3 Statistical Methods and Mathematical Framework

Data analysis was carried out using Jamovi, Python (Google Colab), and Enginius.
Normality and homogeneity of variances were verified via the Shapiro-Wilk and Levene's tests,
respectively. Since most variables violated the assumption of normal distribution, non-
parametric statistical methods were deployed.

To test hypothesis H1, the Kruskal-Wallis test (the non-parametric equivalent of ANOVA)
was used to compare the medians of the three independent enterprise groups based on their
level of Al use (Aluse) as follows:

H=—2_yk R _30y41) 1)
N(N-1) <=1y,

Where:

H - resulting test statistic of the Kruskal-Wallis test.

N - total number of observations across the sample (N = 312 in the primary phase).

k - number of independent groups compared (k = 3, for Aluse =0, 1, 2).

n - i - sample size (number of enterprises) in the specific i-th group.

R -i - sum of ranks assigned to the i-th enterprise group after pooling and ranking all observations.

Hypothesis H2 was tested using an ordinal logistic regression model (proportional odds
model) given the ordinal nature of the dependent variable Aluse. The model assumes equal
effects of the independent variables across all cumulative logits, mathematically expressed as:

P(Ys))

T(Ysj) = 0j—(B1 X1+ B2X2 + ..o ~.pmXm) (2)

In (
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Where:

Y - dependent ordinal variable (Aluse).

j - category thresholds/cut-points for the groups (j =0, 1).

P (Y \j) - cumulative probability that an enterprise falls into category j or lower.

In — natural logarithm transforming the odds into a cumulative logit.

alpha -j - intercept/threshold parameter specific to each boundary level.

beta -m — regression coefficients for the independent variables (maturity dimensions).

X (1-m) — independent variables (scores of individual organizational maturity dimensions).

To test hypothesis H3, a hierarchical cluster analysis was conducted using Ward's method
and Euclidean distance. Ward's method minimizes the increase in the total error sum of squares
(A ESS) when merging clusters. The optimal number of segments was determined via
dendrogram analysis and the elbow criterion, and cluster stability was verified using non-
parametric group difference tests based on these formulas:

Euclidean distance between objects: d(i, ) = \[ Z,’Z;l(xik — xjk)z 3)

Error Sum of Squares (ESS):
ESS = XL Xiemq (i — %)? 4)

Ward's variance increment criterion:

AESS = ESS,,5 — (ESS, + ESSp) = "AT’;’; -d%(Cy, Cg) (5)

na

4 Research Results
4.1 Descriptive Analysis of AI Maturity Levels

The initial step of the empirical analysis evaluated the organizational maturity level of
Slovak enterprises relative to Al implementation. This was based on the composite AI maturity
model integrating technological, organizational, strategic, data, and human readiness.

The descriptive results highlight clear heterogeneity among the analyzed companies. While
one group of organizations demonstrated advanced readiness characterized by systematic Al
integration, a significant volume of enterprises remained in the baseline stages of digital
transformation. This confirms that Al adoption in Slovakia is highly stratified and driven by
interconnected factors.

The highest average scores occurred in technological readiness and core digital
infrastructure. Conversely, lower performance was noted in strategic Al management,
employee upskilling, and formalized Al governance. This indicates that while many enterprises
have established an adequate technical baseline, their Al deployment lacks strategic oversight
and organizational support structures.

The validation sample mirrored these trends, reinforcing their stability. In the validation
phase, management's attitude toward Al, awareness of Al opportunities, and employee digital
competency emerged as the primary differentiating factors. Meanwhile, variations in digital
tool availability were less pronounced, showing that hardware and software assets are no longer
the primary bottleneck for Al deployment. This supports the premise that successful Al
adoption depends mostly on organizational and managerial factors, while technical setups are
a necessary but insufficient condition for digital transformation.
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4.2 Statistical Differences Between Enterprise Groups (H1)

Before testing the core hypotheses, distribution normality and variance homogeneity were
verified. Shapiro-Wilk and Leven's tests indicated that the data violated parametric test
requirements; hence, non-parametric methods were utilized.

The Kruskal-Wallis test compared the three enterprise groups: non-adopters (Aluse=0),
planning adopters (Aluse=1), and active Al users (Aluse=2). The results confirmed statistically
significant differences across all analyzed dimensions of organizational maturity (p < 0.001).

Table 1
Kruskal-Wallis Test Results (Primary Phase)
Al Maturity Dimension e df p g Effect Size Interpretation
Culture 68.3197 2 <.0001 0.2197 strong
Strategy 62.3998 2 <.0001 0.2006 strong
Organization 59.7894 2 <.0001 0.1922 strong
Technology 150.2047 2 <.0001 0.4830 very strong
Data 37.6820 2 <.0001 0.1212 medium strong
Ethics 51.8930 2 <.0001 0.1669 strong
Privacy 40.6182 2 <.0001 0.1306 medium to strong

Source: processed based on Deliverable D3.4 Al-impactSK

The highest effect size appeared in technological readiness (¢ = 0.483), making it the
strongest differentiator between groups. Substantial effects were also logged for organizational
culture, strategy, structure, and ethical considerations. Data readiness and privacy protection
showed lower, yet still statistically significant effects. These metrics confirm that advancing Al
adoption correlates with the systemic development of multiple organizational capacities,
proving that tech infrastructure is merely one part of a broader Al maturity concept.
Consequently, hypothesis H1 is fully supported.

4.3 Pairwise Group Analysis (Post-Hoc Testing)

To pinpoint specific variances between the groups, post-hoc analyses were performed using
the DSCF and Dunn's tests with Bonferroni adjustment, yielding consistent and robust results.

Comparing non-adopters (Aluse=0) with planning enterprises (Aluse=1) revealed
significant differences primarily in corporate culture, strategy, governance, and ethics.
Conversely, variations in data readiness and privacy controls were not yet significant, implying
that these technical dimensions materialize during later deployment stages.

The sharpest contrasts appeared between non-adopters (Aluse=0) and active Al users
(Aluse=2), with significant gaps validated across all maturity dimensions. Exceptionally highs
test values occurred in technological readiness, illustrating a profound structural divide between
legacy organizations and those with advanced Al adoption.

Significant variations were also evident between planners (Aluse=1) and active users
(Aluse=2). This finding implies that having strategic plans does not automatically equal
sufficient organizational readiness. The critical factor is the capability to translate strategic
intent into concrete processes, human capital investments, and governance modifications.
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4.4 Determinants of AI Adoption and Their Organizational Context (H2)

A core objective was verifying the relationship between organizational maturity and actual
Al deployment. The results established a positive dependency between higher Al Maturity
Index scores and the probability of adopting Al; companies with advanced maturity metrics
demonstrated a substantially greater likelihood of successful process integration.

Hypothesis H2 posited that selected dimensions positively drive Al adoption. Ordinal
logistic regression confirmed that strategic management, an innovative culture, technological
readiness, and employee digital competencies statistically increase the likelihood of progressing
to higher Al adoption levels.

g?cl;ifaf Logistic Regression Model Coefficients (Dependent Variable: Aluse)
; o o
Predicor U Cltower Upper  F F PWNC piiGey
Culture 0.2415  -0.0272  0.5209 0.1393 1.7337 .0830 1.2731
Strategy 0.4868  0.0148 0.9791 0.2446 1.9906 .0465 1.6272
Organization 0.2688 -0.2883  0.8413 0.2877 0.9343 3502 1.3084
Technology 1.9141  1.5009 2.3560 0.2178 8.7881 <.0001 6.7810
Data 0.2260 -0.1651  0.6471 0.2056 1.0995 2716 1.2536
Ethics 0.3743  -0.1620  0.9325 0.2785 1.3441 .1789 1.4540
Privacy -0.2423  -0.5599  0.0758 0.1609 -1.5062 .1320 0.7848

Source: processed based on Deliverable D3.4 Al-impactSK

The ordinal logistic regression model demonstrates a high level of statistical significance
()*=211.94; p <0.001) and accounts for approximately 43% of the variance in the positioning
of enterprises across individual phases of Al adoption (Nagelkerke R?=0.4283), with an overall
classification accuracy of 71.8%.

When simultaneously controlling for all seven dimensions of digital and Al maturity,
only Technology and Strategy emerged as statistically significant predictors:

e Technological Readiness: This dimension represents the dominant and most stable
predictor (B =1.9141; p <0.0001). Holding all other variables constant, a one-standard-
deviation increase in technological maturity multiplies the odds of an enterprise
advancing to a higher category of Al implementation by approximately 6.8 times (OR
= 6.7810).

e Strategic Management: This predictor achieved statistical significance at the 5% level
(B=0.4868; p=0.0465). Each unit increase in strategic maturity elevates the probability
of transitioning to a more advanced stage of Al adoption by 63% (OR = 1.6272).

e Other Dimensions (Culture, Organization, Data, Ethics, Privacy): Their
independent direct effects were not statistically confirmed in this model. Notably, the
Privacy dimension exhibited a negative coefficient (B = -0.2423), indicating a
theoretical trend where an excessive emphasis on privacy protection may slightly
impede the pace of Al implementation; however, this relationship is not statistically
significant (p = 0.1320).

The active utilization odds (expressed via Odds Ratio — OR) climbed sharply with each
point increase in strategic management and leadership support, demonstrating that "soft"
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managerial factors are overriding determinants of success. Based on the regression model,
hypothesis H2 is partially confirmed.

4.5 Cluster Segmentation of Enterprises (H3)

Hypothesis H3 assumed that Slovak enterprises could be segmented into homogeneous
groups based on their Al maturity profiles. Hierarchal cluster analysis mapped clear, stable
segments with highly distinctive readiness levels.

Table 3
Final Cluster Profiles of Enterprises Based on Al Maturity Dimensions (Z-Scores)
Al Maturity Cluster 3: Cluster 2: Cluster 1:
Dimension Digital Laggards Strategic Planners Al Leaders
Share of Sample (%) 37.8% 34.3% 27.9%
Culture -0.62 (Low) +0.21 (Average) +1.04 (High)
Strategy -0.74 (Low) +0.48 (High) +1.12 (High)
Organization -0.55 (Low) +0.12 (Average) +0.89 (High)
Technology -0.81 (Very Low) -0.04 (Average) +1.41 (Very High)
Data and Analytics -0.48 (Low) +0.08 (Average) +0.76 (High)
. -0.39 (Below .
+ +
Ethics Average) 0.15 (Average) 0.68 (High)
Privacy and Security +0.02 (Average) -0.11 (Average) +0.54 (High)
Overall AI Readiness  AI-Unready Fragmented / Soft gg;?ll;;ehenswe (Al-

Source: own processing based on Al-impactSK project data (N = 312)

Non-parametric tests validated that cluster differences were statistically significant across
all observed maturity dimensions (p < 0.05). Three primary organizational profiles were
identified:

1. Al Leaders (High Maturity): Enterprises scoring above average across all dimensions,
including strategic management, ethics, and IT governance. These entities possess a
formalized Al strategy and an integrated tech and data foundation.

2. Technological Optimists (Medium/Unbalanced Maturity): Companies with well-
established IT infrastructure and digital tools that lag behind in strategic management,
innovation culture, and comprehensive data governance.

3. Digitally Laggards Enterprises (Low Maturity): A cluster exhibiting below-average
marks across all dimensions, lacking baseline competencies, managerial focus, and
strategic interest in Al

This structural split confirms the high heterogeneity of the business landscape; thus,
hypothesis H3 is confirmed.

5 Discussion

The presented research expands the understanding of factors influencing the adoption of
artificial intelligence in business practice through a comprehensive assessment of the
organizational maturity of Slovak enterprises. Unlike several previous empirical studies that
analyzed isolated determinants of AI implementation, this research is based on a
multidimensional concept of Al maturity. This framework integrates strategic, organizational,
technological, data, ethical, and personnel aspects of corporate readiness for artificial
intelligence implementation. Such an approach allowed for a more comprehensive explanation
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of inter-company differences and identified the domains that most significantly determine the
success of digital transformation.

One of the most significant findings of this study is the confirmation of statistically
significant differences between enterprises operating at various levels of artificial intelligence
implementation. The results of the Kruskal-Wallis test and subsequent post-hoc analyses
demonstrated that an increasing level of Al adoption is accompanied by a systematic growth of
organizational maturity across all examined dimensions. Particularly pronounced differences
were identified between enterprises that do not utilize artificial intelligence and those with
actively implemented Al solutions.

These findings correspond with international studies, according to which the successful
implementation of artificial intelligence is not the result of isolated technological investments,
but rather the long-term development of organizational capabilities. Multiple authors point out
that Al represents a transformative technology whose effective utilization depends on the
organization's ability to link technological innovations with strategic management, human
capital development, and effective data governance. The results of the presented research
confirm this thesis within the context of Slovak enterprises as well.

The significance of strategic and organizational factors deserves special attention. The
analysis showed that variations between enterprises emerge as early as the initial phases of Al
implementation, manifesting most prominently in the fields of strategy, organizational culture,
and governance). Conversely, the dimensions of data readiness and data privacy differentiate
significantly only during the transition to more advanced stages of artificial intelligence
implementation. This result suggests that successful Al adoption begins with a strategic
decision by top management and the creation of organizational prerequisites for digital
transformation, while technical and regulatory aspects gain greater importance only during the
actual implementation process.

A significant contribution of this research is also the confirmation of the multidimensional
character of the Al maturity concept. The results indicate that technological infrastructure alone
does not constitute a sufficient prerequisite for the successful implementation of artificial
intelligence. Although enterprises possessing modern information technologies create favorable
conditions for introducing Al, the decisive factor is the organization's ability to strategically
manage the digital transformation process, foster an innovation culture, and systematically
develop the digital competencies of employees. This conclusion supports the current
understanding of Al maturity as a complex organizational construct that transcends traditional
assessments of a company's technological equipment.

From a methodological standpoint, we consider the construction of a composite Al maturity
index - based on Principal Component Analysis (PCA) and its subsequent validation on an
independent research sample - to be a key contribution. Validation on a dataset of 643
enterprises confirmed the stability of the identified relationships and enhanced the reliability of
the proposed model. At the same time, the deployed research design contributed to eliminating
the risk of accidental findings that may appear in analyses based on a single research sample.

The results of the enterprise segmentation highlight substantial heterogeneity within the
Slovak business environment regarding readiness to implement artificial intelligence. The
identified segments represent not only distinct levels of technological readiness but also
different organizational approaches to innovation management, employee development, and the
strategic utilization of data. From a managerial practice perspective, these results suggest that
universal, "one-size-fits-all" support strategies for Al implementation may not be sufficiently
effective. A differentiated approach that respects the level of organizational maturity of
individual enterprise groups appears to be far more appropriate.

44



Ekonomika a manazment, Vedecky ¢asopis Fakulty podnikového manazmentu Ekonomickej univerzity v Bratislave
rocnik XXIII., ¢islo 2, rok 2026, ISSN 2454-1028

A comparison of the results with selected foreign studies shows a high degree of consistency
between the findings of the Al-impactSK project and the current state of knowledge in the field
of organizational readiness for artificial intelligence implementation. In all analyzed studies,
strategic management, top management support, data quality, technological readiness, and the
development of employees' digital competencies repeatedly emerge as key determinants of
successful Al adoption.

The results of the presented research confirm these insights within the context of Slovak
enterprises as well.

Table 4
Comparison of Al-impactSK Project Results with International Studies
Author(s) Focus of Main Findings of the Results of the AlI- Contribution of the
" Research International Study impactSK Project Presented Research
Significant differences Confirms the importance of
Oreanizational Key determinants are were identified strategic Al management in
Johnk et £a management support, Al primarily in the the context of the Slovak
readiness for Al o .
al. 2021) . . strategy, data availability, strategy, culture, and  Republic and expands
implementation. > .
and digital competencies. governance knowledge on
dimensions. relationships.

Implementation requires Technological

the simultaneous readiness was Empirically confirms the
development of people,  significant; however, —multidimensional character
processes, technologies,  without strategy, it did of Al maturity on a

and data; technology not lead to higher representative sample.
alone is insufficient. adoption.

Uren & Factors of
Edwards successful Al
(2023) adoption.

Al maturity is a complex
model encompassing . .. Expands models through
Wyrtki et Al Capability strategy, data, ;I?(rjl;zolgs;z(?})rl:/?mmy their empirical verification
al. (2025) Maturity Model.  technologies, human . . and validation on two
dimensions of .
resources, and Al independent samples.

Al-impactSK created a

readiness.
governance.
The significance of
Al adoption in Barriers include a lack of competencies, Confirms that barriers
OECD p competencies, data management support, identified at the global
enterprises across . . .
(2024) OECD countries quality, funding, and and data readiness was level are fully relevant to
" management uncertainty. also confirmed in the  Slovak enterprises as well.

Slovak Republic.

Source: compiled based on international studies and results of the Al-impactSK project

To further demonstrate the value of the proposed approach, Table 3 compares the Al-
impactSK model with the most prominent international frameworks for maturity diagnostic.
While the majority of commercial and international indices operate primarily on a descriptive
or expert basis without robust mathematical-statistical validation on independent datasets, the
Al-impactSK model combines a comprehensive integration of 7 dimensions with advanced
inferential testing across a total of 955 enterprises.
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Table 5

Comparison of the Al-impactSK Model with International Al Maturity Models

Model
Characteristic

Primary Goal

Deloitte Al
Maturity
Model

Assessment of Monitoring the

organizational

IBM Al
Adoption
Index

Gartner Al
Maturity
Model

Evaluation of

global level of  maturity in Al

OECD AI
Capability
Framework
Evaluation of
readiness of

Al-impactSK
(Proposed
Model)
Evaluation of Al
maturity and

readiness for AI Al adoption  implementation  economies and identification of
enterprises adoption
determinants
Level of Analysis Organization  Organization Organization Organization / Organization
State
Composite Index X X X X v
Validation on an Usually no No No No  (312+643
Independent enterprises)
Sample
Determinant Partial Partial X Partial « (Ordinal
Modeling Logistic
Regression)
Statistical Limited Descriptive Expert-based Descriptive Robust (PCA,
Validation Cronbach a,
McDonald o,
Kruskal-Wallis,
Clusters)

Source: compiled based on Deloitte, IBM, Gartner, OECD, and the results of the Al-impactSK project

Despite the achieved results, the research is subject to several limitations. First, the analysis
relies on data obtained through a questionnaire survey, which is based on the subjective
evaluation of respondents. Although managers and individuals responsible for Al
implementation were involved in the research, the risk of subjective response bias cannot be
completely eliminated. Second, the research has a predominantly cross-sectional character and
therefore does not capture the dynamic changes in organizational maturity over time.
Longitudinal monitoring of enterprises could provide more detailed insights into the evolution
of Al maturity and the factors influencing the transition between individual maturity levels.

6 Conclusion
6.1 Theoretical Contributions

The primary theoretical contribution of this article can be considered the expansion of the
Al maturity concept through an empirically validated multidimensional model linking strategic,
organizational, technological, data, personnel, and ethical aspects of artificial intelligence
implementation. Concurrently, the research contributes to broadening the knowledge of Al
adoption factors within the context of Central and Eastern European countries, which are
currently represented in international literature to a limited extent. The validation of the model
on two independent research samples represents a significant methodological contribution and
enhances the robustness of the proposed approach, shifting the theoretical framework from
exclusively conceptual reflections toward exact empirical verification.

6.2 Practical Implications for Managerial Practice

The results confirm that the successful implementation of artificial intelligence requires a
comprehensive approach encompassing not only technology investments but also the
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development of strategic management, digital competencies, data infrastructure, and an
organizational culture that supports innovation.

Managers should not reduce the introduction of Al to the mere procurement of software;
they must primarily build an innovation culture and a clear Al strategy backed by top leadership.
In practice, the designed Al Maturity Index can serve as a diagnostic and benchmarking tool to
identify corporate strengths and weaknesses when planning digital transformation initiatives.

6.3 Recommendations for Policymakers

The acquired insights carry significant implications for public policy formulation. Existing
digitization support programs are often oriented primarily toward the direct financing of
technological investments, such as purchasing hardware and infrastructure. However, the
results of this research indicate that investments in developing managerial competencies,
employee education, building data infrastructure, and creating corporate artificial intelligence
strategies play an equally crucial role.

Therefore, state support for digital transformation should be designed more
comprehensively. Furthermore, segmenting enterprises according to their Al maturity level
creates the prerequisites for a more targeted setup of public support measures that reflect the
varying readiness and actual needs of individual corporate groups, rather than applying
ineffective flat-rate solutions.
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The Perceived Competitive Value of Artificial Intelligence in Slovak SMEs

Diana Pallérova, Andriana Baziuk, Federico Banda

Abstract

Artificial intelligence is increasingly discussed as a source of competitiveness for SMEs, but
less is known about how firms perceive its competitive value at different stages of adoption.
Existing research often focuses on Al adoption itself, while the perceived measurability and
managerial visibility of Al benefits remain less examined. The aim of this paper is to examine
how Slovak SMEs perceive the competitive value of artificial intelligence and whether these
perceptions differ according to Al adoption stage and sector. The study is based on primary
CAWI survey data from 234 Slovak SMEs. Six dimensions of perceived Al competitive value
were analyzed: Al as a competitive advantage, efficiency of key tasks, Al as a better way of
working, better business results, measurability of Al benefits, and visibility of AI outcomes for
management. Due to the ordinal character of the data, non-parametric methods were applied,
including descriptive statistics, the Friedman test, Kruskal-Wallis tests, Dwass-Steel-
Critchlow-Fligner post-hoc comparisons, and Spearman’s rank correlations. The results show
that SMEs evaluate Al most positively in relation to efficiency of key tasks and better business
results. Measurability of Al benefits and visibility of Al outcomes for management were
evaluated less strongly. Higher Al adoption stages were significantly associated with more
positive evaluations of all six Al value dimensions. Sectoral differences were found mainly in
practical and observable aspects of Al value. The paper contributes by showing that perceived
Al competitive value in SMEs is multidimensional and develops gradually from operational
benefits toward strategic and managerial value.

JEL classification: L25, M15, O33
Keywords: Artificial intelligence, Competitiveness, Business value, SMEs

1 Introduction

Artificial intelligence is increasingly discussed as a technology with the potential to reshape
how firms organize work, make decisions, improve processes and compete in changing
markets. In business research, Al is no longer treated only as a technical tool, but also as a
source of business value, organizational capability and potential competitive advantage. Prior
studies show that Al can contribute to firm performance through process improvement, better
decision-making, automation and new forms of value creation (Wamba-Taguimdje et al., 2020;
Enholm et al., 2022). At the same time, the ability to benefit from AI depends not only on access
to technology, but also on how firms adopt, integrate and evaluate Al in their own
organizational context (Mikalef & Gupta, 2021).

The issue is particularly relevant for small and medium-sized enterprises. SMEs are often
expected to benefit from Al through efficiency gains, automation of routine tasks and improved
decision-making, but they usually operate with more limited financial, technological and human
resources than large enterprises. OECD notes that Al has significant promise for productivity
and innovation in SMEs, while SME adoption remains relatively low compared with large firms
and with other digital technologies (OECD, 2025). This creates an important research problem:
Al may offer competitive value to SMEs, but its benefits may be unevenly perceived and may
depend on the actual stage of adoption.

Existing research on Al adoption in SMEs emphasizes that adoption is shaped by digital
capabilities, innovation capabilities, organizational readiness and the external business
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environment (Arroyabe et al., 2024; Badghish & Soomro, 2024). However, less attention is
often paid to how SMEs perceive different components of Al-related competitive value. Firms
may generally believe that Al has strategic potential, but this does not necessarily mean that
they can observe, measure or communicate its benefits internally. In SME contexts, this
distinction is important because managers often need practical and visible evidence before Al
can become a sustained part of business strategy.

This paper therefore focuses on the perceived competitive value of Al in Slovak SMEs.
Instead of treating Al competitiveness as a single index, the article analyzes six separate
aspects: Al as a source of competitive advantage, efficiency of key tasks, Al as a better way of
performing selected tasks, better business results, measurability of Al benefits and visibility of
Al outcomes for management. This approach allows us to identify whether Slovak SMEs
perceive Al mainly as an operational tool, a strategic source of advantage or a managerial value
that can be observed and evaluated.

The aim of the paper is to examine how Slovak SMEs evaluate these aspects of Al-related
competitive value and whether the evaluations differ by the stage of Al adoption and by sector.
The central argument is that the competitive value of Al is not perceived uniformly. SMEs may
first recognize Al through practical and operational benefits, while measurability and
managerial visibility may become more evident only at higher stages of adoption. This
distinction helps move the analysis beyond the simple statement that firms using Al evaluate it
more positively. The article instead asks which specific forms of Al value are most visible to
SMEs and which remain less developed.

2  Current State of the Solved Problem at Home
2.1 AI and business value

The theoretical starting point of the article is the concept of Al business value. Al business
value refers to the organizational and performance-related benefits that firms may obtain from
the use of Al technologies. These benefits may include process automation, improved decision-
making, better prediction, operational efficiency, innovation and improved business
performance. However, prior literature stresses that business value is not created by Al
technology alone. It depends on the ability of the firm to apply Al in specific processes and to
translate technological potential into organizational outcomes (Enholm et al., 2022).

This distinction is important for the present article. If Al value is treated only as a general
expectation, the analysis risks overlooking the difference between abstract belief in Al and
practical ability to use Al For this reason, the article separates several aspects of perceived Al
competitive value. The first aspect is Al as a competitive advantage, which captures a general
strategic perception. Other aspects are more operational: efficiency of key tasks, better ways of
performing tasks and improved business results. The final two aspects, measurability of benefits
and visibility of Al outcomes for management, capture whether Al value is observable and
managerially usable.

The literature supports this multidimensional view. Wamba-Taguimdje et al. analyze Al-
based transformation projects and argue that Al can affect firm performance through business
value generated at both process and organizational levels (Wamba-Taguimdje et al., 2020). This
is directly relevant to SME competitiveness because Al may first become visible through
process improvements before it becomes embedded in broader strategic decision-making.

In this article, Al competitiveness is therefore not understood only as market dominance or
objective financial performance. It is understood as perceived competitive value: the extent to
which firms believe that Al improves their work, results, measurability of benefits and
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managerial visibility. This framing is suitable because the dataset captures managerial
perceptions rather than objective performance indicators.

2.2 Al capability and competitive advantage

A second relevant theoretical perspective is the Al capability view. Al capability refers to
a firm’s ability to deploy and combine Al-related technological, human and organizational
resources. From this perspective, Al does not generate value simply because a firm has access
to tools. Value is created when the firm has the capacity to integrate Al into workflows, use
data effectively, mobilize employees and connect Al outputs to business decisions (Mikalef &
Gupta, 2021).

This perspective is important for interpreting why firms at different adoption stages may
perceive Al value differently. A firm that only plans to use Al may evaluate Al mainly as a
promising technology. A firm that has already implemented Al in selected processes may be
more able to observe efficiency improvements, performance effects or managerial outputs.
Therefore, higher adoption stages are expected to be associated not only with more positive
attitudes, but also with a more concrete perception of Al value.

In this article, the distinction between general and concrete value is central. Al as a
competitive advantage represents a broader strategic expectation. Efficiency, better task
performance and better business results represent operational value. Measurability and
managerial visibility represent the extent to which Al outcomes are becoming part of evaluation
and management practice. The theoretical expectation is that practical and visible dimensions
of Al value should become stronger as adoption progresses.

2.3 Al adoption in SMEs

Al adoption in SMEs has specific characteristics. SMEs often have more flexible decision-
making structures than large firms, but they also face constraints in finance, skills, data
infrastructure and internal expertise. Recent empirical research on European SMEs shows that
digital capabilities, innovation capabilities and environmental support are important drivers of
Al adoption (Arroyabe et al., 2024). This indicates that Al adoption in SMEs is not only a
technological decision, but also a capability-building process.

Badghish and Soomro examine Al adoption in SMEs using the Technology-Organization-
Environment framework and connect Al adoption with sustainable business performance
(Badghish & Soomro, 2024). Their approach is relevant because it shows that adoption depends
on technological, organizational and external conditions. Although the present article does not
test the full TOE model, it builds on the same idea that Al adoption must be understood in
relation to business outcomes and perceived value.

Recent work also combines the TOE framework with the diffusion of innovations
perspective to study Al adoption in SMEs (Sanchez et al., 2025). This is relevant for the present
article because the analyzed items are linked to perceived relative advantage and observability
of Al benefits. The combination of TOE and DOI suggests that adoption is shaped not only by
structural conditions, but also by how firms perceive the usefulness, compatibility and visibility
of innovation outcomes (Sanchez et al., 2025).

2.4 Diffusion of innovations and perceived Al value

The diffusion of innovations theory helps explain why some aspects of Al value may be
easier for firms to recognize than others. According to this perspective, adoption is shaped by
perceived attributes of an innovation, especially relative advantage, compatibility, complexity,
trialability and observability (Rogers, 2003). In the context of Al, relative advantage refers to
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whether firms see Al as better than existing solutions, while observability refers to whether Al
benefits are visible, measurable and communicable inside the organization.

These perceived characteristics are important in technology adoption research more
broadly. Relative advantage, compatibility and complexity have been identified as some of the
most consistent predictors of innovation adoption (Tornatzky & Klein, 1982). Similarly,
research on IT innovation adoption distinguishes between perceived usefulness, visibility and
result demonstrability, which is relevant for understanding whether firms can not only use a
technology, but also recognize and communicate its outcomes (Moore & Benbasat, 1991).

This logic is also relevant for Al adoption in SMEs. Prior studies show that Al adoption
should be understood through both organizational conditions and perceived innovation
attributes, including usefulness, compatibility and observability (Oliveira & Martins, 2011;
Sanchez et al., 2025).

2.5 Research gap and analytical focus

The reviewed literature shows that AI can contribute to business value and firm
performance, that Al capability is important for translating technology into outcomes, and that
SME adoption depends on technological, organizational and environmental conditions
(Wamba-Taguimdje et al., 2020; Mikalef & Gupta, 2021; Arroyabe et al., 2024; Badghish &
Soomro, 2024). However, for the purposes of this article, the key issue is more specific: how
SMEs perceive different aspects of Al-related competitive value and whether these perceptions
vary by adoption stage.

The article therefore does not attempt to explain the full adoption process. Instead, it focuses
on the perceived value side of Al adoption. This narrower focus allows a clearer analysis of
whether Al is seen mainly as an operational tool, a source of strategic advantage or a
managerially visible and measurable contributor to business outcomes. This framing is
especially suitable for SMEs, where practical usefulness and visible benefits may be more
important for further adoption than abstract technological potential.

Based on this theoretical background, the article assumes that higher Al adoption stages
will be associated with more positive evaluations of Al competitive value. At the same time, it
expects that the strongest insights will come not only from whether this relationship exists, but
from identifying which aspects of Al value are most and least developed among Slovak SMEs.

3 Research design and methodology
3.1 Research design and data source

The aim of this paper is to examine how Slovak small and medium-sized enterprises
perceive the competitive value of artificial intelligence and whether these perceptions differ
according to the stage of Al adoption and sector of business activity. More specifically, the
paper focuses on whether SMEs perceive Al mainly as a source of operational efficiency, as a
tool for achieving better business results, as a potential competitive advantage, or as a
technology whose benefits are measurable and visible to management.

The study therefore does not treat AI competitiveness as one general construct, but analyzes
several separate dimensions of perceived Al value. The paper addresses the following research
questions:

e RQI1: Which aspects of perceived Al competitive value are evaluated most positively
by Slovak SMEs?

e RQ2: Do evaluations of perceived Al competitive value differ across Al adoption
stages?

e RQ3: Do evaluations of perceived Al competitive value differ across sectors?
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The following hypothesis was formulated:

HI1: Higher stages of Al adoption are associated with more positive evaluations of
individual aspects of perceived Al competitive value in Slovak SME:s.

The study applies a quantitative research design based on primary survey data. Since the
analyzed variables were measured using ordinal Likert-scale responses, the empirical analysis
relies on non-parametric statistical methods.

3.2 Research sample and variables

The research object consists of small and medium-sized enterprises operating in Slovakia.
The unit of analysis is the enterprise, while the respondent is treated as an organizational
informant providing information about the firm’s Al adoption stage and perceived Al-related
benefits.

The final analytical sample consisted of 234 Slovak SMEs. Small enterprises represented
76.9% of the sample, while medium-sized enterprises accounted for 23.1%. The enterprises
operated across several sectors of the Slovak economy. Firm size and sector were used to
describe the structure of the sample, while sector was also included in a supplementary
comparison of perceived Al value. The focus on SME:s is justified by their specific position in
digital transformation. Compared with large enterprises, SMEs usually operate with more
limited financial, technological and human resources. These constraints may influence both the
adoption of Al and the ability to observe and evaluate its business value (Arroyabe et al., 2024;
OECD, 2025).

The main explanatory variable was Al adoption stage, measured as an ordinal variable with
five successive stages of implementation:

1. Non-adoption — the enterprise does not use Al and has no current adoption plans.

2. Planned adoption — the enterprise does not currently use Al but plans to adopt it in the
future.

3. Pilot adoption — the enterprise is testing or piloting Al solutions.

4. Partial adoption — Al is used in selected business processes.

5. Advanced adoption — Al is used across multiple organizational areas.

This operationalization reflects the assumption that Al adoption is a gradual process rather
than a simple yes/no decision. The outcome variables were six individual items measuring
perceived Al competitive value (Table 1).

Table 1
Description of the Competitive value variables

Variable Meaning Code
Al has the potential to create a competitive advantage in the

Al as a competitive advantage . s Al CV1
firm’s industry.
Efficiency of key tasks Using Al allows the ﬁrm.to perform key tasks more AL CV2
efficiently.
AI as a better way of working Al represents a better way of perfqrmmg selected tasks than AL CV3
existing solutions.
Better business results Using Al helps achieve E:;c;tleg irtesults compared with not AL CV4
Measurability of AT benefits The benefits of Al are obse.rvable and measurable in AL CV5
practice.
Visibility of AT outcomes for The results of using Al are visible to management. Al CV6

management
Source: own processing

Note: AI CV (AI Competitive value)
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All six items were measured on a five-point Likert scale, where higher values indicate
stronger agreement with the statement. Since the response categories are ordered, these
variables were treated as ordinal.

3.3 Data processing and procedure

The analysis began with a description of the sample structure in terms of firm size, sector
and Al adoption stage. This provided the empirical context for interpreting how perceived Al
value differs across Slovak SMEs.

Descriptive statistics were then calculated for the six items measuring perceived Al
competitive value. Since these items were measured on ordinal Likert scales, the interpretation
focused primarily on medians and interquartile ranges. Means and standard deviations were
also reported as supplementary indicators to make the comparison between individual items
more transparent.

To examine whether SMEs evaluate the six aspects of Al value differently, the Friedman
test was applied. This test was suitable because the same enterprises assessed all six items. It
allowed us to determine whether some dimensions of perceived Al value are rated more
strongly than others.

Differences across Al adoption stages were then tested using the Kruskal-Wallis test. The
test was applied separately to each of the six Al value items in order to assess whether firms at
different adoption stages differ in their evaluation of Al as a competitive advantage, a source
of efficiency, a better way of working, a source of better results, a measurable benefit and a
managerially visible outcome. As a supplementary analysis, sectoral differences were also
tested using the Kruskal-Wallis test. Before testing sectoral differences, the distribution of firms
across sectors was examined. Due to the small number of observations in several original
NACE categories, the sector variable was recoded into broader sectoral groups before the
analysis. Manufacturing was classified as Industrial / Manufacturing. Construction remained a
separate category. Wholesale and retail trade, transportation and logistics, and accommodation
and food service activities were grouped into Trade, logistics and hospitality. Information and
communication and other services were grouped into Knowledge-intensive services. Scientific
and technical activities, human health and social work activities, and other activities were
grouped into Social and other services. Sector was treated as a nominal grouping variable, while
the six perceived Al value items were used as outcome variables. This analysis made it possible
to examine whether the perception of Al value differs across sectors.

The relationship between Al adoption stage and each aspect of perceived Al competitive
value was further examined using Spearman’s rank correlation. This method was selected
because both the Al adoption stage and the analyzed Al value items have an ordinal character.
All statistical analyses were conducted in Jamovi. Statistical significance was evaluated at the
level of p <0.05.

4 Research results
4.1 Al adoption in SMEs and descriptive statistics of perceived AI competitive value items

This section first describes the distribution of SMEs across Al adoption stages and then
presents descriptive statistics for the six items measuring perceived Al competitive value.
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Table 2
Frequency distribution of Al adoption stages
Al Adoption Stage Counts % of Total Cumulative %
1 33 14.1% 14.1%
2 65 27.8% 41.9%
3 60 25.6% 67.5%
4 42 17.9% 85.5%
5 34 14.5% 100.0%

Source: own processing using Jamovi

Table 2 shows the distribution of firms across Al adoption stages. The largest share of firms
was located in stage 2 (27.8%) and stage 3 (25.6%), indicating that more than half of the sample
consisted of firms planning or piloting Al adoption. Firms in the most advanced adoption stage
represented 14.5% of the sample.

Table 3
Descriptive statistics of variables by company size

Variables Company Size N Mean Median SD IQR
AI Adoption Stage SMALL 180 2.84 3.00 1.298 2.00
MEDIUM 54 3.13 3.00 1.133 2.00
AL CV1 SMALL 180 3.64 4.00 1.076 1.00
- MEDIUM 54 3.85 4.00 0.940 2.00
SMALL 180 3.86 4.00 0.916 2.00
ALCV2 MEDIUM 54 4.24 4.00 0.699 1.00
SMALL 180 3.63 4.00 0.897 1.00

Al CV3
- MEDIUM 54 3.83 4.00 0.637 1.00
AL CV4 SMALL 180 3.87 4.00 0.852 1.00
- MEDIUM 54 4.02 4.00 0.687 0.00
SMALL 180 3.54 4.00 0.874 1.00
ALCVS MEDIUM 54 3.65 4.00 0.828 1.00
AL CV6 SMALL 180 3.49 4.00 0.972 1.00
- MEDIUM 54 3.56 4.00 0.861 1.00

Source: own processing using Jamovi

Table 3 presents descriptive statistics for Al adoption stage and the six perceived Al
competitive value items by company size. The median value of Al adoption stage was 3 for
both small and medium-sized enterprises, while the mean value was slightly higher among
medium-sized enterprises (M = 3.13) than among small enterprises (M = 2.84). This indicates
that medium-sized firms were, on average, somewhat further in Al adoption.

Across all six Al competitive value items, the median value was 4 in both small and
medium-sized enterprises, suggesting generally positive evaluations of Al-related competitive
value. However, the mean values show some differences between the two size groups. Medium-
sized enterprises reported higher mean scores across all six items. The largest difference was
observed for AI CV2 — Efficiency of key tasks, where medium-sized enterprises reached a
mean of 4.24, compared with 3.86 among small enterprises. This suggests that medium-sized
firms perceive Al somewhat more strongly as a tool for improving the efficiency of key tasks.

The highest mean values among small enterprises were observed for Al CV4 — Better
business results (M =3.87) and AI_CV2 — Efficiency of key tasks (M = 3.86). Among medium-
sized enterprises, the highest mean value was recorded for AI CV2 — Efficiency of key tasks
(M = 4.24), followed by Al CV4 — Better business results (M = 4.02). In contrast, the lowest
mean values in both groups were found for AI CV6 — Visibility of Al outcomes for
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management (small enterprises: M = 3.49; medium-sized enterprises: M = 3.56) and Al CVS5
— Measurability of Al benefits (small enterprises: M = 3.54; medium-sized enterprises: M =
3.65). This indicates that SMEs tend to associate Al more strongly with operational efficiency
and better results than with clearly measurable and managerially visible outcomes.

4.2 Comparison of perceived AI competitive value items

Following the descriptive analysis (Table 3), the Friedman test (Table 4) was applied to
examine whether the six aspects of perceived Al competitive value were evaluated equally. The
test result was statistically significant, ¥*(5) = 100.00, p < .001, indicating that Slovak SMEs
did not evaluate all aspects of Al competitive value in the same way.

Table 3
Friedman test

100 5 <.001

Source: own processing using Jamovi

As shown in Figure 1, the highest mean values were observed for AI CV2 — Efficiency of
key tasks (M = 3.94) and AI_CV4 — Better business results (M = 3.91). In contrast, the lowest
mean values were recorded for AI CV6 — Visibility of Al outcomes for management (M =
3.51) and AI_CVS5 — Measurability of Al benefits (M = 3.56). This suggests that SMEs tend to
associate Al more strongly with operational efficiency and improved business outcomes than
with clearly measurable and managerially visible results.

Figure 1
Mean values of perceived Al competitive value items

Value
J

O

AI_CV1 AI_CV2 AI_CV3 AI_CV4 AI_CV5 AI_CVE

Measure

Source: own processing using Jamovi

4.3 Differences in Perceived AI Competitive Value Across Al Adoption Stages

The Kruskal-Wallis test was used to examine whether the six aspects of perceived Al
competitive value differed across Al adoption stages.
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Tabl

Krlll)sliasl-Wallis test for differences in perceived Al competitive value by Al adoption stage
Variable e df p Significant post-hoc differences
Al _CV1 64.8 4 <.001 1-2,1-3, 14, 1-5, 24, 2-5,3-5
Al_CV2 47.2 4 <.001 1-3, 14, 1-5,2-5,3-5,4-5
Al _CV3 263 4 <.001 1-3,14,1-5,2-5,3-5
Al _CV4 43.8 4 <.001 1-2,1-3, 14, 1-5,2-5
Al _CV5 27.1 4 <.001 1-3, 14, 1-5,2-4,2-5
AL CV6 59.5 4 <.001 1-3, 1-4, 1-5,2-3,2-4, 2-5,3-5

Source: own processing using Jamovi

Note: Post-hoc comparisons were conducted using the Dwass-Steel-Critchlow-Fligner procedure. Only
statistically significant pairwise differences at p < .05 are reported.

The Kruskal-Wallis test was used to examine whether the six aspects of perceived Al
competitive value differed across Al adoption stages. The results show statistically significant
differences for all six variables: AI CV1, ¥*(4) = 64.8, p <.001; Al CV2, y*(4) =47.2,p <
001; AT CV3,%%(4)=26.3,p <.001; Al CV4, y*(4)=43.8,p<.001; Al CV5,¢*(4)=27.1,p
<.001; and AI CV6, y*(4)=59.5,p <.001. These findings indicate that firms at different stages
of Al adoption evaluate all aspects of perceived Al competitive value differently.

Post-hoc pairwise comparisons using the Dwass-Steel-Critchlow-Fligner procedure show
that the most consistent differences occur between the lowest adoption stage and higher
adoption stages. For most Al competitive value items, firms in stage 1 differ significantly from
firms in stages 3, 4 and 5. This suggests that firms with no or very low Al adoption evaluate the
competitive value of Al less positively than firms that are already testing, partially
implementing or more extensively using Al. The strongest pattern appears for AI CV1 and
Al CV6. In the case of AI CV1, significant differences were found between stage 1 and all
higher stages, as well as between stage 2 and stages 4 and 5, and between stage 3 and stage 5.
This indicates that the perception of Al as a competitive advantage increases with higher
adoption stages. Similarly, for Al CV6, significant differences were found between stage 1 and
stages 3, 4 and 5, between stage 2 and stages 3, 4 and 5, and between stage 3 and stage 5. This
suggests that the visibility of Al outcomes for management becomes stronger as firms move
toward more advanced Al adoption.

The results show that the perceived competitive value of Al is not evenly distributed across
adoption stages. The difference is not only between non-users and advanced users. In several
cases, especially for AI CV1 and AI CV6, the results suggest a gradual shift from general
awareness of Al toward more concrete recognition of its strategic and managerial value.

4.4 Differences in Perceived AI Competitive Value Across Sectors

Before testing sectoral differences, the distribution of firms across sectors was examined.
As shown in Table 5, the largest group consisted of industrial/manufacturing firms (N = 85;
36.3%), followed by trade, logistics and hospitality (N = 52; 22.2%) and knowledge-intensive
services (N = 44; 18.8%). Social and other services represented 15.4% of the sample, while
construction accounted for 7.3%.
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Table 6

Frequency distribution of Sectors
Sector N %
Social & other services 36 15.4
Trade, logistics & hospitality 52 222
Construction 17 7.3
Knowledge-intensive services 44 18.8
Industrial / Manufacturing 85 36.3

Source: own processing using Jamovi

A supplementary Kruskal-Wallis test was conducted to examine whether the perceived
competitive value of Al differs across sectors.

Table 7
Kruskal-Wallis test for differences in perceived Al competitive value by sectors

Variable ' df p Significant post-hoc differences

Al _CV1 7.62 4 0.107 —

Al_CV2 11.18 4 0.025 none

Al _CV3 11.48 4 0.022 Social & other services — Construction

Al _CV4 4.70 4 0.320 —

AL _CV5 9.73 4 0.045 none

AlL_CVe 10.89 4 0.028 Social & other services — Industrial/Manufacturing

Source: own processing using Jamovi

The results indicate statistically significant sectoral differences for four out of six items: Al
as a better way of working (AL CV3), ¥*(4) = 11.48, p = 0.022; efficiency of key tasks
(AL CV2), ¥¥(4) = 11.18, p = 0.025; measurability of Al benefits (AL CV5), ¥*(4)=9.73,p =
0.045; and visibility of Al outcomes for management (Al _CV6), ¥*(4) = 10.89, p = 0.028. No
statistically significant sectoral differences were found for Al as a competitive advantage
(AL CV1),%%(4)=17.62,p=0.107, or better business results (Al CV4), ¥*(4) =4.70, p=0.320.

Post-hoc pairwise comparisons using the Dwass-Steel-Critchlow-Fligner procedure showed
only limited sectoral differences. A statistically significant difference was found for Al as a
better way of working (Al _CV3) between social and other services and construction (p =
0.046). Another significant difference was found for visibility of Al outcomes for management
(AL _CV6) between social and other services and industrial/manufacturing firms (p = 0.040).
For efficiency of key tasks (Al _CV2) and measurability of Al benefits (Al CV5), the overall
Kruskal-Wallis tests were significant, but the post-hoc comparisons did not identify clear
statistically significant pairwise differences at p < 0.05.

Overall, the sectoral analysis suggests that sectors do not differ in the general perception of
Al as a competitive advantage or in the perception of Al as a source of better business results.
Sectoral differences appear mainly in more practical and observable aspects of Al value,
especially whether Al is perceived as a better way of working, whether its benefits are
measurable, and whether its outcomes are visible to management.

4.5 Correlation analysis

Spearman’s rank correlation was used to examine the relationship between Al adoption
stage and the six aspects of perceived Al competitive value.
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Table 8
Spearman correlations between Al adoption stage and perceived Al competitive value items
Al
Variables Adoption Al CV1 Al CV2 Al CV3 Al CV4 Al _CV5S Al _CVe6
Stage
Al
Adoption —
Stage

Al CV1 0.510%** —

Al CV2 0.408%** 0.679%** —

Al CV3 0.315%** 0.494x** 0.581%** —

Al CV4 0.405%** 0.563%** 0.569%** 0.592%** —

Al CV5 0.337%** 0.479%** 0.537%** 0.507%** 0.593*#* —

AL CV6 0.497%** 0.549%** 0.512%** 0.443%** 0.532%** 0.587%** —

Source: own processing using Jamovi

All correlations were positive and statistically significant at the level of p < .001. The
strongest relationship was found between Al adoption stage and Al as a competitive advantage
(AI CV1),p=0.510, p <.001. This indicates that firms at higher stages of Al adoption tend to
evaluate Al more strongly as a source of competitive advantage.

The second strongest correlation was observed for visibility of Al outcomes for
management (Al CV6), p = 0.497, p < .001. This suggests that as firms progress to higher
stages of Al adoption, Al outcomes become more visible and recognizable at the managerial
level. Moderate positive correlations were also found for efficiency of key tasks (Al CV2), p
=0.408, p <.001, and better business results (Al CV4), p=0.405, p <.001.

Weaker, although still statistically significant, correlations were found for measurability of
Al benefits (AL CVS5), p=0.337, p <.001, and Al as a better way of working (Al CV3), p =
0.315, p <.001. Overall, the results indicate that higher Al adoption stages are associated with
more positive evaluations of all analyzed aspects of Al competitive value. The relationship is
strongest for strategic and managerial dimensions, namely Al as a competitive advantage and
visibility of Al outcomes for management. The correlations among the Al competitive value
items were also positive and statistically significant, suggesting that the individual aspects are
related but not identical dimensions of perceived Al value.

5 Discussion

Thee aim of this paper was to examine how Slovak SMEs perceive the competitive value
of Al and whether these perceptions differ by Al adoption stage and sector. The results show
that Al value is not perceived uniformly. SMEs evaluate Al most positively in relation to
efficiency of key tasks (Al _CV2) and better business results (Al _CV4), while measurability of
Al benefits (Al CV5) and visibility of Al outcomes for management (AI_CV6) are rated lower.

This supports the view that the value of Al is first recognized through operational
improvements rather than through fully measurable or strategically embedded outcomes. This
is consistent with the business value literature, which argues that Al creates value through
changes in processes, decision-making and organizational activities rather than through
technology adoption alone (Wamba-Taguimdje et al., 2020; Enholm et al., 2022). It also
corresponds with the Al capability perspective, according to which firms need technological,
human and organizational capabilities to convert Al into performance outcomes (Mikalef &
Gupta, 2021).
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5.1 Research questions

RQ1 asked which aspects of perceived Al competitive value are evaluated most positively
by Slovak SMEs. The results show that SMEs rate efficiency of key tasks (Al CV2) and better
business results (Al CV4) highest. This suggests that Al is perceived mainly as an operational
tool that helps firms improve work processes and outcomes. Lower ratings for measurability of
Al benefits (AI_CVS5) and visibility of Al outcomes for management (Al CV6) indicate that
SMEs may recognize Al as useful before they are able to systematically measure or
communicate its results. This finding is aligned with diffusion of innovations theory, where
relative advantage and observability are key attributes influencing adoption (Rogers, 2003).In
this paper, Al CV2 and Al CV4 capture perceived usefulness and relative advantage, while
Al CVS5 and AI_CV6 capture observability and result demonstrability.

RQ2 asked whether perceptions of Al competitive value differ across Al adoption stages.
The results confirm significant differences for all six Al value items. Post-hoc comparisons
show that the most consistent differences appear between lower and higher adoption stages.
This means that firms in more advanced adoption stages evaluate Al value more positively than
firms with little or no adoption.However, the more important finding is that the strongest
relationships with Al adoption stage were found for Al as a competitive advantage (Al CV1)
and visibility of Al outcomes for management (Al CV6). This suggests that as SMEs move
from early adoption to more advanced Al use, Al becomes not only an efficiency tool but also
a more strategic and managerially visible resource. This supports prior SME adoption research
showing that AI adoption is shaped by digital capabilities, innovation capabilities and
organizational readiness (Arroyabe et al., 2024; Badghish & Soomro, 2024).

RQ3 asked whether perceptions of Al competitive value differ across sectors. Sectoral
differences were found for four items: Al as a better way of working (Al _CV3), efficiency of
key tasks (Al _CV2), measurability of Al benefits (Al _CV5) and visibility of Al outcomes for
management (Al_CV6). No significant sectoral differences were found for Al as a competitive
advantage (Al _CV1) or better business results (Al _CV4). This suggests that sectors do not
differ strongly in the general belief that Al has strategic potential or can improve results.
Differences appear mainly in practical and observable dimensions of Al value. This is plausible
because sectors differ in processes, data availability, digital maturity and opportunities for Al
use. Studies on Al adoption in SMEs similarly emphasize that adoption depends on both firm-
level capabilities and the external environment (Arroyabe et al., 2024; Sanchez et al., 2025).

5.2 Hypothesis evaluation

The hypothesis stated that higher stages of Al adoption are associated with more positive
evaluations of individual aspects of perceived Al competitive value in Slovak SMEs. The
hypothesis is supported.

All Kruskal-Wallis tests were statistically significant, and all Spearman correlations
between Al adoption stage and the six Al value items were positive and significant. The
strongest associations were found for Al as a competitive advantage (Al CV1) and visibility
of Al outcomes for management (Al _CV6). This means that higher Al adoption is linked not
only to more positive views of Al, but especially to stronger recognition of its strategic and
managerial value. This finding is in line with the idea that Al adoption is a gradual process
rather than a binary decision. The TOE and DOI perspectives both suggest that firms move
toward adoption when they perceive the technology as useful, compatible, observable and
supported by organizational conditions (Tornatzky & Klein, 1982; Tornatzky & Fleischer &
Chakrabarti, 1990; Rogers, 2003). It also reflects recent Al adoption studies in SMEs, which
stress that firms need digital capabilities, innovation capabilities, skills and organizational
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support to benefit from Al (Arroyabe et al., 2024; Badghish & Soomro, 2024; Sanchez et al.,
2025).

6 Conclusion

This paper examined how Slovak SMEs perceive the competitive value of artificial
intelligence and whether these perceptions differ by Al adoption stage and sector. The results
show that SMEs perceive Al value mainly through operational benefits, especially the
efficiency of key tasks and better business results. Measurability of Al benefits and visibility
of Al outcomes for management were evaluated less strongly, suggesting that Al is often seen
as useful before its effects are systematically measured or managerially embedded.

The hypothesis was supported. Higher Al adoption stages were associated with more
positive evaluations of all six aspects of perceived Al competitive value. The strongest
relationships were found for Al as a competitive advantage and visibility of Al outcomes for
management. This indicates that as SMEs progress in Al adoption, Al becomes not only an
operational tool but also a more strategic and managerially visible resource.

The sectoral analysis showed that sectors differ mainly in practical and observable aspects
of Al value, not in the general perception of Al as a competitive advantage. Overall, the findings
suggest that the competitive value of Al in Slovak SMEs develops gradually from operational
efficiency toward strategic and managerial value.

The study has several limitations. First, it measures perceived Al value, not objective
performance indicators such as productivity, profitability or market share. Second, the cross-
sectional design does not allow causal conclusions. Third, sectoral results should be interpreted
cautiously because some original sector categories were merged into broader groups due to
small sample sizes. Finally, the analysis is limited to Slovak SMEs.
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Digital Readiness and the Adoption of Artificial Intelligence in Slovak
Enterprises: A Firm-Level Analysis

Filip Stovi¢ek, Rébert Hanak, Zuzana Hajduova

Abstract

Artificial intelligence (Al) is increasingly regarded as a source of competitive advantage, yet
firm-level evidence on how the diffusion of Al relates to the underlying digital infrastructure of
enterprises remains limited, particularly in smaller Central European economies. This paper
examines the relationship between digital readiness and Al adoption among Slovak enterprises
using firm-level survey evidence collected within the Al-impactSK project. The analysis draws
on a computer-assisted telephone interviewing (CATI) survey of 643 Slovak enterprises, which
Jjointly measured the current stage of Al adoption, managerial awareness and attention, and
four dimensions of digital readiness (digital tools, data storage, IT capabilities, and workforce
skills). Using descriptive statistics and a composite digital readiness index, the study finds that
Slovak enterprises report a moderate overall level of digital readiness (index mean = 2.43 on
a 1-3 scale), driven mainly by strong electronic data storage (77.3 percent) and IT support
(69.1 percent), while workforce-related readiness lags considerably behind. In contrast, only
31.4 percent of enterprises report active use of AI, while a further 28.0 percent report no plans
for adoption at all. The results reveal a descriptive gap between the technological and data-
related foundations already in place and the comparatively limited translation of these
foundations into operational Al use. The study contributes firm-level evidence on this gap for
a small open EU economy and discusses managerial and policy implications for narrowing it,
while explicitly noting that the cross-sectional, self-reported nature of the data does not permit
causal or inferential claims.

JEL classification: M15, 032, O33
Keywords: artificial intelligence adoption, digital readiness, Slovak enterprises

1 Introduction

Artificial intelligence is widely presented as a general-purpose technology capable of
reshaping how enterprises organise production, make decisions and compete in domestic and
international markets, while simultaneously raising new managerial challenges regarding its
responsible and effective use (Kaplan & Haenlein, 2020). Across the European Union, the
diffusion of Al technologies among enterprises has accelerated markedly in recent years, rising
from roughly 8 percent of EU enterprises with 10 or more employees in 2023 to 20.0 percent
in 2025, with adoption strongly concentrated among large firms and in the information and
communication sector (Eurostat, 2025b).

This aggregate growth, however, conceals substantial cross-country and cross-firm
heterogeneity. Recent Eurostat-based evidence shows that Slovak enterprises have consistently
trailed the EU27 average in Al adoption across all enterprise size classes between 2021 and
2024, and that the gap has not narrowed over time despite gradual growth in absolute terms
(Eurostat, 2025a). This pattern raises a question that country-level statistics alone cannot
answer: to what extent does the relatively modest Al adoption observed in Slovak enterprises
reflect a lack of Al-specific technology, and to what extent does it reflect broader unevenness
in the underlying digital foundations - digital tools, data infrastructure, IT support and
workforce skills - upon which Al implementation typically depends.
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A growing body of literature suggests that digital and technological readiness constitutes a
necessary, though not sufficient, precondition for successful Al adoption at the firm level.
Studies applying the Technology-Organization-Environment framework to small and medium-
sized enterprises consistently identify organisational capability gaps, existing digital
infrastructure maturity and change-management constraints - rather than cost alone - as the most
significant barriers separating Al-aware firms from Al-adopting firms. Comparable evidence
from Central and Eastern Europe indicates that digital maturity in the region remains uneven
and, in several respects, structurally lower than in Western Europe, which may compound the
barriers facing enterprises seeking to move from basic digitalisation towards Al-enabled
operations.

Despite this growing international literature, firm-level survey evidence that jointly
measures digital readiness and Al adoption stage within the same enterprise population remains
scarce for Slovakia. Existing Slovak and EU27 comparative evidence relies mainly on
harmonised statistical indicators collected at highly aggregated levels, which do not capture
how individual enterprises simultaneously report their data infrastructure, IT capability,
workforce skills and Al adoption stage. This represents a specific research gap: while it is
known that Slovakia lags behind the EU27 in Al adoption, and while conceptual literature
argues that digital readiness precedes Al adoption, direct firm-level evidence on the descriptive
relationship between the two within the Slovak business population has not, to the authors'
knowledge, been systematically reported.

This paper addresses this gap using firm-level survey data collected within the Al-impactSK
project, funded through the Recovery and Resilience Plan for Slovakia. The analysis draws on
a computer-assisted telephone interviewing (CATI) survey of 643 Slovak enterprises that
jointly measured (a) the current stage of Al adoption, managerial awareness of Al and
managerial attention to Al, and (b) four dimensions of digital readiness combined into a
composite index. Because the two sets of items were collected from the same respondents
within a single cross-sectional instrument, the data allow a direct descriptive juxtaposition of
digital readiness and Al adoption at the level of the surveyed population, without requiring
additional harmonised statistical sources.

The main objective of the paper is to describe the current level of Al adoption and digital
readiness among Slovak enterprises and to examine, at a descriptive level, whether a gap exists
between the two.

The paper is guided by the following research questions:

o RQI1: What is the current level and structure of Al adoption, awareness and managerial
attention among Slovak enterprises?

o RQ2: What is the current level of digital readiness of Slovak enterprises across its
technological, data-related, infrastructural and human-capital dimensions?

o RQ3: Is there a descriptively observable gap between the level of digital readiness and
the level of Al adoption among Slovak enterprises?

Because the underlying survey instrument did not include cross-tabulations, correlation
coefficients or regression models linking individual firms' readiness scores to their adoption
stage, the study is explicitly framed as descriptive and exploratory rather than as a test of
statistical association. This distinguishes the present contribution from studies that rely on
inferential techniques and requires an emphasis on transparent, cautious interpretation of the
observed patterns.

The paper contributes to the literature in three ways. First, it provides original firm-level
survey evidence on digital readiness and Al adoption for a small, open Central European

64



Ekonomika a manazment, Vedecky ¢asopis Fakulty podnikového manazmentu Ekonomickej univerzity v Bratislave
rocnik XXIII., ¢islo 2, rok 2026, ISSN 2454-1028

economy that remains underrepresented in the international literature. Second, it offers a
transparent methodological account of what a purely descriptive juxtaposition of readiness and
adoption indicators can and cannot support, which is relevant for researchers working with
similar cross-sectional business survey data. Third, it derives managerial and policy
implications aimed at helping enterprises convert existing digital foundations into practical Al
use.

2  Current State of the Solved Problem at Home

Al adoption at the firm level is commonly distinguished from mere awareness or
experimentation. Firms may become aware of Al's potential, pilot isolated applications, or
move to systematic implementation embedded in core operations; these stages differ
substantially in the organisational commitment and capability they require. Recent bibliometric
and survey-based evidence indicates that among small and medium-sized enterprises (SMEs)
already using generative Al, only a minority apply it to core business activities, with most usage
remaining peripheral to production or service delivery. Eurostat's harmonised enterprise survey
confirms that, at the EU level, Al use remains considerably more common among large
enterprises (55.0 percent in 2025) than among small enterprises (17.0 percent), with the most
common applications concentrated in text analysis, language generation and workflow
automation (Eurostat, 2025b).A substantial stream of research conceptualises digital and
technological readiness as a multi-dimensional construct encompassing data availability, IT
infrastructure, internal know-how, managerial support and workforce competencies. Building
on the resource-based view of the firm, an Al capability has been conceptualised as jointly
comprising tangible technological resources, human skills and intangible organisational
resources, with empirical evidence indicating that the human-skills and organisational
components are frequently the weakest link in translating available technology into realised Al-
driven performance (Mikalef & Gupta, 2021). Within the Technology-Organization-
Environment (TOE) framework, empirical surveys of SMEs show that organisational readiness
factors - particularly digital infrastructure maturity and management's innovation orientation -
exert a stronger influence on Al adoption decisions than either the characteristics of the
technology itself or external environmental pressures. This is consistent with evidence that
digital capability indicators, such as the use of cloud computing or data analytics tools, are more
strongly associated with successful Al integration than access to external funding or skilled
labour markets alone.

Regional evidence for Central and Eastern Europe (CEE) further indicates that the level of
digital maturity in the region remains comparatively uneven, with considerable variation both
between countries and between enterprises of different sizes within the same country.
Comparative assessments of enterprise digitalisation using multi-criteria methods have
identified a lack of dedicated research on digital maturity in CEE economies specifically
(Brodny & Tutak, 2021), reinforcing the relevance of country-level, firm-based evidence such
as that presented in this paper.

2.1 Barriers to artificial intelligence implementation

The literature identifies a recurring set of barriers hindering the transition from Al
awareness to Al implementation, including limited technical skills, employee acceptance,
financial constraints, and uncertainty regarding return on investment. Contrary to a common
assumption that cost is the principal barrier, some recent SME-focused surveys report that
organisational capability gaps and change-management challenges rank above perceived cost
barriers (OECD, 2025a), suggesting that policy responses focused solely on financial subsidies
may not address the most binding constraints. Workforce-related constraints appear particularly
persistent: EU-level survey evidence collected in Slovakia found that more than a third of
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employees using Al reported an increasing need to further develop their Al-related skills, yet
only a small share had participated in relevant training over the preceding year (Digital Skills
and Jobs Platform, 2025).

2.2 Firm heterogeneity

Al adoption differs systematically by firm size. Harmonised Eurostat data for the period
2021-2024 show that Al adoption gaps between Slovakia and the EU27 average were present
across all three enterprise-size classes (10-49, 50-249 and 250+ employees), with the widest
gaps observed among medium-sized and large enterprises (Eurostat, 2025a). At the same time,
small enterprises constitute the largest share of the enterprise population in both Slovakia and
the EU27, meaning that their comparatively slower Al uptake carries disproportionate weight
for aggregate diffusion. These findings underscore the importance of firm-level survey evidence
that can capture within-population heterogeneity in both digital readiness and Al adoption,
which country-level aggregate indicators cannot reveal.

2.3 Research gap and conceptual framework

Taken together, the reviewed literature establishes two points relevant to the present study.
First, digital and organisational readiness is widely regarded as a precondition, though not a
guarantee, of successful Al adoption; enterprises with stronger data infrastructure and IT
support are generally considered better positioned to exploit Al applications, while enterprises
lacking workforce competencies and structured processes face additional barriers even where
basic digital infrastructure is present. Second, existing quantitative evidence on Slovakia's
position relative to the EU27 relies on harmonised statistical indicators at a highly aggregated
level and does not report firm-level co-occurrence of readiness and adoption indicators within
the same enterprise population.

Systematic reviews of the strategic use of Al in the digital era have similarly called for more
empirical research linking firms' digital foundations to the stage of Al implementation they
subsequently reach (Borges et al., 2021). This creates a specific and previously unaddressed
empirical gap: whether, within the population of Slovak enterprises surveyed in the Al-
impactSK project, the pattern suggested by the literature - readiness as a necessary but not
sufficient condition - is descriptively observable when digital readiness and Al adoption are
measured concurrently among the same respondents. The conceptual framework guiding this
study therefore treats digital readiness (comprising digital tools, data storage, IT capabilities
and workforce skills) as the input side of Al transformation, and Al adoption stage, awareness
and managerial attention as the output side, without assuming or testing a causal or statistically
inferential link between the two, consistent with the descriptive character of the underlying
data.

3 Research design and methodology

The aim of this paper is to describe the current level of digital readiness and Al adoption
among Slovak enterprises and to examine, at a descriptive level, the extent to which a gap
between the two is observable within the surveyed population. The partial objectives are: (1) to
characterise the distribution of Al adoption stages, awareness of Al capabilities and managerial
attention to AIl; (2) to characterise the level of digital readiness across its four constituent
dimensions and its composite index; and (3) to juxtapose the two sets of results in order to
describe the extent and nature of the observed gap. Consistent with the descriptive character of
the data (Section 3.4), the study does not test formal hypotheses but is guided by the three
research questions stated in Section 1.
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3.1 Data collection

The data used in this study were collected within the Al-impactSK project (“Assessment of
the impact of artificial intelligence on the Slovak labour market and enterprises”), funded by
the European Union through the NextGenerationEU instrument under the Recovery and
Resilience Plan for Slovakia (project No. 09105-03-V02-00003/2025/VA). The analysis draws
on the computer-assisted telephone interviewing (CATI) component of the project's enterprise
survey, which was designed to capture a broad cross-section of Slovak enterprises' awareness,
perceptions, adoption intentions and practical experience with Al, complementing a separate
web-based (CAWI) survey administered to a self-selected population of enterprises already
engaged in Al-related activities.

The CATI survey yielded 643 completed interviews with representatives of Slovak
enterprises. The underlying project report does not provide a codebook documenting the exact
sampling frame, contact protocol, or response rate for the CATI survey; this is treated as a
methodological limitation and is discussed in Section 6. Percentages reported throughout this
paper are calculated from the full CATI sample (n = 643) unless otherwise indicated.

3.2 Questionnaire and variables

Two thematic blocks of the CATI questionnaire are used in this study. Section C (“Adoption
and Awareness of Artificial Intelligence”) comprises three items: current use of Al (four
adoption categories plus an unspecified/other response), self-assessed awareness of Al's
possibilities (four categories), and management's attention to Al (four categories plus an
unspecified/other response). Section D (“Digital Readiness of Companies”) comprises four
items measured on a three-point scale (Yes / Partly / No, with an additional “don't know”
category for the digital-tools item): use of business software (digital tools), electronic storage
of business data (data), availability of in-house or outsourced IT capabilities (IT capabilities),
and two items relating to workforce skills and training (people and skills).

The four digital-readiness items were combined into a composite Digital Readiness Index
by coding responses numerically (1 = No, 2 = Partly, 3 = Yes) and averaging across the items,
following the aggregation approach used in the underlying project report. The resulting index
ranges from 1 to 3, with higher values indicating greater readiness. Table 1 summarises the
variables used in the analysis.

The Digital Readiness Index was not subjected to a dedicated validation procedure beyond
an internal-consistency check (Cronbach's alpha) reported in Section 4; no exploratory factor
analysis, test-retest reliability or external validation against objective digitalisation indicators
was performed on this instrument. The index should therefore be interpreted as a descriptive
composite rather than a validated psychometric scale.
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Table 1
Definition and measurement of variables
Variable Operational definition Scale Role EALLG .(CATI
section)
Current use of Al in the
. enterprise (active use ]
Al adoption . o Categorical (4 Outcome / .
stage (it il ol 2 categories + other) = descriptive S E, QU

years, no plans,
other/unknown)

Self-assessed understanding = Ordinal (4

Al awaren e .
wareness of Al's possibilities categories)

Descriptive Section C, Q2

Extent to which management
addresses Al (budget/plans,

Management active consideration, Ordlnal. (4 Descriptive Section C, Q3
attention . . . categories + other)
occasional discussion, not a
topic)
- Use of business software for | Ordinal Readiness . .
Digital tools daily operations (Yes/Partly/No/DK) | component Section D, item 1
Electronic storage of Ordinal Readiness . .
Data business data (Yes/Partly/No) component SO0, Wi 2
e Availability of in-house or Ordinal Readiness . .
IT capabilities external IT support (Yes/Partly/No) component Section D, item 3
Employee familiarity with Ordinal . . .
People and skills new technologies and (Yes/Partly/No), LGS SESOTID, AR
.. . component 4-5
traimning support two 1tems
Disital Mean of the four readiness Composite Authors'
gita items (1 = No, 2 = Partly, 3 Continuous (1-3) readiness construction from
Readiness Index @ .
=Yes) measure Section D

Source: Authors' own compilation based on the Al-impactSK enterprise

3.3 Statistical methods

The analysis relies exclusively on descriptive statistics: frequencies and percentages for
categorical items, and means, medians, standard deviations, minima and maxima for the
composite Digital Readiness Index. Internal consistency of the four-item Digital Readiness
Index was assessed using Cronbach's alpha, a standard measure of the internal structure of a
multi-item scale (Cronbach, 1951).

The underlying project report does not contain, and this study does not construct, any
inferential statistical tests (such as chi-square tests, correlation coefficients, or regression
models) linking individual enterprises' digital-readiness scores to their Al adoption stage.
Consequently, the “gap” discussed in this paper refers strictly to a descriptive juxtaposition of
aggregate indicators (the composite readiness index against the distribution of adoption stages)
within the same surveyed population, and not to a statistically tested association between the
two constructs at the level of individual firms. This constraint is treated as a defining
methodological feature of the study rather than as an incidental omission, and it is revisited in
the limitations.

A further methodological caveat concerns the coding of Section C items. The underlying
dataset did not include an official response codebook; category labels for Al adoption stage,
awareness and management attention were therefore reconstructed by the original project team
based on the most plausible mapping to the questionnaire's response options, and are explicitly
flagged in the underlying report as interpretive assumptions. This paper adopts the same
interpretive labels and carries the same caveat forward: the precise wording and boundaries of
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these categories should be treated as indicative rather than exact, and the presence of a residual
“other/unspecified” category (19.6 percent for adoption stage and 5.8 percent for management
attention) further limits the precision of these distributions.

3.4 Reliability and validity

Cronbach's alpha for the four-item Digital Readiness Index was 0.58, indicating moderate
internal consistency; this suggests that the four components (digital tools, data, IT capabilities
and people/skills) capture related but distinguishable aspects of digital readiness rather than a
single unidimensional construct. No further psychometric validation (confirmatory factor
analysis, external criterion validation) was performed, and this is noted as a limitation rather
than presented as an established, validated index. Participation in the CATI survey was
voluntary, and responses were processed for the purposes of the Al-impactSK project without
identifying individual enterprises in the analysis. The underlying report does not specify a
formal ethics-committee approval reference; consistent with the instruction not to invent such
information, this study does not report one. Missing or “don't know” responses were retained
as separate categories in the descriptive tables rather than imputed, to preserve transparency
about data completeness.

4 Research results
4.1 Sample characteristics

The results reported in this section are based on 643 completed CATI interviews with
representatives of Slovak enterprises. The underlying project report does not provide a
breakdown of the sample by enterprise size, sector or region; consequently, this study cannot
and does not analyse differences in digital readiness or Al adoption across these firm
characteristics. Table 2 and Figure 1 summarise the distribution of responses concerning current
Al adoption. Approximately one third of enterprises (31.4 percent) reported actively using Al,
and a further 5.1 percent reported testing Al solutions. Around 15.9 percent of enterprises
reported no current use but planned implementation within two years, while 28.0 percent
reported neither current use nor plans to adopt Al. A residual 19.6 percent of responses could
not be clearly classified into these categories.

Table 2
Current Al adoption stage among surveyed Slovak enterprises

Adoption stage Count Share (%)
Active use of Al 202 31.4
Testing / piloting Al 33 5.1
No current use, plans to implement within 2 years 102 15.9
No current use and no plans to implement 180 28.0
Other / unclassified response 126 19.6
Total 643 100.0

Source: authors' calculations based on the Al-impactSK enterprise survey (CATI, Section C, Q1)

Awareness of Al's possibilities was more favourably self-assessed than actual adoption:
40.9 percent of respondents reported a good understanding of what Al can do, while 19.3
percent reported only a basic overview and 22.7 percent reported limited awareness or having
heard of Al without understanding details. Regarding management attention, the most frequent
response (51.8 percent) indicated that Al is occasionally discussed within management circles
without concrete implementation steps; only 4.8 percent of enterprises reported that
management has specific plans or a dedicated budget for Al, while 21.3 percent reported that
Al is not a topic addressed by management at all.
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Figure 1
Al adoption stage among surveyed Slovak enterprises
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Source: authors' visualisation based on Table 2

Taken together, these three indicators suggest that awareness of Al substantially exceeds
active management commitment and actual implementation: the share of enterprises reporting
good or fairly good awareness (approximately 58 percent, summing the two highest awareness
categories) is considerably higher than the share reporting active use (31.4 percent) or dedicated
management budgets and plans (4.8 percent).

4.2 Digital readiness of Slovak enterprises (RQ2)

Table 3 and Figure 2 present the distribution of responses across the four digital-readiness
dimensions. Electronic data storage was the most developed dimension, with 77.3 percent of
enterprises reporting that they store business data electronically and only 8.1 percent reporting
no electronic data storage at all. Access to IT capabilities was also relatively widespread (69.1
percent reporting full access, either in-house or external). Use of digital tools for daily
operations was more mixed: 39.2 percent reported full integration, 31.6 percent partial
integration, and 19.8 percent reported predominantly manual operations. The weakest
dimension concerned workforce skills: only 36.2 percent of enterprises reported that employees
are broadly familiar with new technologies, and 42.1 percent reported active support for
employee training, with the majority of remaining responses falling into the “partly” category
rather than “no”.

Table 3
Digital readiness dimensions among surveyed Slovak enterprises

Ll
Dimension Yes(%)  Pardy(%)  No(%) DO v

Digital tools 39.2 31.6 19.8 9.5
Data (electronic storage) 77.3 14.6 8.1 -

IT capabilities 69.1 18.8 12.1 -
People. and skills - internal 36.2 591 11.7 )
expertise

People and skills - training support 42.1 37.2 20.7 -

Source: authors' calculations based on the Al-impactSK
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The composite Digital Readiness Index (mean of the four items, scale 1-3) had a mean of
2.43, a median of 2.50 and a standard deviation of 0.46, with values ranging across the full 1.0-
3.0 scale, and an internal-consistency (Cronbach's alpha) of 0.58. On a scale where 3.0
represents full readiness across all measured dimensions, an average value of 2.43 indicates a
moderately high, though not universal, level of digital readiness among the surveyed
enterprises, driven primarily by strong performance in data storage and IT capabilities rather
than in digital tools or workforce skills.

Figure 2
Digital readiness dimensions among surveyed Slovak enterprises

Digital tools

Data (electronic storage)

IT capabilities

People and skills - internal expertise

People and skills - training support
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Source: authors' visualisation based on Table 3

4.3 Descriptive comparison of digital readiness and Al adoption (RQ3)

Table 4 juxtaposes the two sets of aggregate indicators discussed above. The composite
Digital Readiness Index (2.43 on a 1-3 scale, equivalent to roughly 71.5 percent of the
maximum attainable score) is considerably higher, in relative terms, than the 31.4 percent share
of enterprises reporting active Al use, and even the combined share of enterprises actively using
or testing Al (36.5 percent). This descriptive contrast is consistent with the pattern documented
in the underlying project report: a majority of surveyed enterprises appear to have already
established at least partial digital foundations - most visibly in electronic data storage and IT
support - without a corresponding majority having translated these foundations into active Al
implementation.

Table 4
Descriptive juxtaposition of digital readiness and Al adoption indicators

Indicator Value

Digital Readiness Index (mean, scale 1-3) 2.43 (SD = 0.46)
Readiness Index expressed as % of maximum scale value ~71.5%
Enterprises reporting electronic data storage (Yes) 77.3%
Enterprises reporting IT capabilities (Yes) 69.1%
Enterprises reporting active Al use 31.4%
Enterprises actively using or testing Al 36.5%
Enterprises reporting no Al use and no adoption plans 28.0%

Source: authors' calculations based on the Al-impactSK enterprise
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This descriptive gap should be interpreted cautiously. Because the underlying data do not
permit linking individual enterprises' readiness scores to their own adoption stage, it cannot be
established from this dataset whether enterprises with higher readiness scores are, in fact, the
same enterprises reporting active Al use, or whether the aggregate contrast reflects two largely
distinct sub-populations. The finding is therefore best understood as a population-level
descriptive pattern - a coexistence of comparatively developed basic digital foundations with
comparatively limited Al implementation - rather than as evidence of a specific firm-level
mechanism.

4.4 Supplementary context: organisational AI maturity among Al-engaged enterprises

As supplementary context, the companion CAWI survey conducted within the same project
- administered to a distinct and self-selected population of 312 enterprises already engaged in
Al-related activities - assessed seven dimensions of organisational Al maturity (culture,
strategy, organisation, technology, data, ethics and privacy) on a five-point scale. The
composite Al Maturity score for this population was 1.97 (SD = 0.78) on a 1-5 scale, with
Culture (M = 2.70) and Technology (M = 2.65) scoring highest and Data (M = 1.63),
Organisation (M = 1.66) and Ethics (M = 1.67) scoring lowest; internal consistency was high
(Cronbach's alpha = 0.87).

Because the CAWI sample is drawn from a different and self-selected population -
enterprises that had already engaged with Al rather than the broad cross-section captured by
the CATI survey - these results are not statistically comparable to the CATI-based findings
reported in Sections 4.2-4.4 and are presented here only as contextual background for the
discussion in Section 5. They nonetheless offer a consistent narrative: even among enterprises
that have already begun engaging with Al, organisational strategy and data-governance
maturity lag behind technological experimentation, echoing the technology-skills and
technology-strategy imbalance observed in the broader CATI sample.

5 Discussion

The results suggest that Slovak enterprises, as captured by the CATI survey, have
established a moderately advanced base of digital infrastructure - particularly with respect to
electronic data storage and access to IT support - while a considerably smaller share of
enterprises report active use of Al. This pattern is broadly consistent with international literature
arguing that digital and data readiness represent necessary, but not sufficient, conditions for Al
adoption, and that organisational capability gaps rather than the absence of underlying
technology tend to constrain the transition from digitalisation to AI implementation.

The finding that awareness of Al (roughly 58 percent reporting good or fairly good
understanding) exceeds active management commitment (4.8 percent reporting dedicated plans
or budgets) and actual adoption (31.4 percent) is consistent with the broader diffusion-of-
innovation perspective, in which awareness typically spreads faster than the organisational and
resource commitments required for implementation. It also resonates with the argument that
automation and augmentation applications of Al in management are interdependent and create
persistent organisational tensions rather than a single, linear transition from awareness to full
implementation, which may help explain why a considerable share of enterprises remain in an
intermediate stage of occasional discussion rather than committed action (Raisch & Krakowski,
2021). It is also consistent with recent SME-focused survey evidence indicating that
organisational capability gaps and change-management challenges, rather than cost alone,
represent the primary obstacles separating Al-aware firms from Al-adopting firms (OECD,
2025a).
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The comparatively weak performance of the workforce-skills dimension relative to data
storage and IT capabilities echoes findings from the wider digital-maturity literature, which
identifies human-capital constraints - rather than technology acquisition - as an increasingly
important bottleneck for digital and Al transformation. This pattern also aligns with EU-level
survey findings for Slovakia, where a substantial share of employees using Al reported a need
for further skills development, while participation in related training remained low (Digital
Skills and Jobs Platform, 2025). Read together, these results suggest that the observed gap
between readiness and adoption in the present study may be attributable, at least in part, to
workforce-related constraints rather than to a lack of basic digital or data infrastructure.

The position of Slovak enterprises relative to the wider EU context reinforces this
interpretation. Harmonised Eurostat data indicate that Slovakia has consistently trailed the
EU27 average in Al adoption across enterprise size classes between 2021 and 2024 (Eurostat,
2025a), and a recent comparative study found no stable short-term statistical association
between Al adoption and labour productivity at the aggregate level for Slovakia, attributing this
instead to the need for complementary investments in organisational transformation, digital
skills and institutional capacity (Kadarova et al., 2026) - a conclusion that closely parallels the
descriptive gap between readiness and adoption identified in the present firm-level data. This
is broadly consistent with resource-based evidence suggesting that Al contributes to firm
performance mainly when it is embedded within a wider set of organisational resources and
capabilities rather than adopted as a stand-alone technology (Chen et al., 2022).

At the same time, several important qualifications must be observed when interpreting these
results. First, because the underlying data do not permit linking individual enterprises' readiness
scores to their own adoption stage, the study cannot establish whether it is the same enterprises
that combine high readiness with low adoption, or whether the aggregate contrast instead
reflects two partially distinct groups of enterprises. Second, the self-reported nature of all
indicators means that the results reflect managerial perceptions rather than objectively verified
technological capability or Al use, and may be affected by social-desirability or interpretation
differences across respondents. Third, in the absence of an official response codebook, the
precise boundaries of the Al adoption, awareness and management-attention categories should
be treated as indicative rather than exact.For enterprise managers, the results suggest that the
primary constraint on Al adoption for many Slovak enterprises may lie less in acquiring
additional data infrastructure or IT support - both of which appear comparatively well
established - and more in building organisational capabilities to exploit these foundations.
Concrete implications include: (a) prioritising structured, budgeted Al initiatives over
occasional, undocumented management discussion, given that only a small minority of
surveyed enterprises reported dedicated Al budgets or plans; (b) investing systematically in
employee training on Al-relevant skills, since workforce readiness was the weakest dimension
identified; (c) selecting pilot Al use cases that build directly on existing strengths, such as well-
established electronic data infrastructure, rather than attempting broader transformation
programmes without a clear starting point; and (d) recognising that high self-assessed
awareness of Al's possibilities does not by itself indicate organisational readiness to implement
Al, and should not be mistaken for it.

5.1 Policy implications

From a policy perspective, the results indicate that support measures focused narrowly on
financing Al-specific technology may address only part of the observed gap, given that basic
digital and data infrastructure already appears comparatively developed among surveyed
enterprises. Instead, the findings point towards a need for policy instruments that support the
organisational and human-capital side of Al transformation: structured digital and Al-skills
training programmes, particularly for smaller enterprises; advisory or mentoring schemes that
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help enterprises translate existing data and IT capabilities into concrete Al use cases; and
monitoring instruments capable of tracking not only aggregate Al adoption rates but also firm-
level co-occurrence of readiness and adoption, which the current data infrastructure does not
yet permit. Given Slovakia's persistent position below the EU27 average in Al adoption across
enterprise-size classes (cf. OECD, 2025b), targeted support for small and medium-sized
enterprises, which constitute the bulk of the domestic enterprise population, appears particularly
relevant.

6 Conclusions

This paper set out to describe the current level of digital readiness and Al adoption among
Slovak enterprises and to examine, at a descriptive level, whether a gap between the two is
observable using firm-level survey data collected within the Al-impactSK project. Drawing on
643 completed CATI interviews, the analysis found that enterprises reported a moderately high
level of digital readiness (composite index of 2.43 on a 1-3 scale), underpinned mainly by strong
electronic data storage (77.3 percent) and IT support (69.1 percent), while workforce-related
readiness lagged behind. In contrast, only 31.4 percent of enterprises reported active Al use,
and 28.0 percent reported neither current use nor adoption plans. Awareness of Al's possibilities
was considerably more widespread than either active management commitment or actual
adoption.

In answer to the research questions, the study finds: (RQ1) that Al adoption among Slovak
enterprises remains concentrated in a minority of the surveyed population, with awareness
running ahead of both managerial commitment and implementation; (RQ2) that digital
readiness is unevenly distributed across its four dimensions, being comparatively strong in data
storage and IT capabilities and comparatively weak in workforce skills; and (RQ3) that a
descriptive gap between the aggregate level of digital readiness and the aggregate level of Al
adoption is observable within the surveyed population, though this cannot be interpreted as a
statistically tested or firm-level association given the descriptive design of the underlying data.

The theoretical contribution of the paper lies in providing firm-level survey evidence, for a
small open EU economy, that is broadly consistent with the conceptual view of digital readiness
as a necessary but not sufficient condition for Al adoption, while explicitly documenting the
methodological boundaries within which such evidence should be interpreted. The
methodological contribution lies in demonstrating how a purely descriptive juxtaposition of
aggregate indicators can be transparently reported and bounded, without overstating the
inferential content of cross-sectional business survey data. The managerial and policy
contributions point towards the importance of organisational capability-building and
workforce-skills development as complements to already comparatively developed digital and
data infrastructure.

The study is subject to several limitations. The design is cross-sectional and does not permit
any causal interpretation of the observed patterns. All indicators are self-reported by enterprise
representatives and are therefore subject to potential social-desirability bias and to variation in
respondents' own understanding of the questions asked. The underlying dataset lacked an
official response codebook for several items, requiring the categories used in this study to be
treated as indicative rather than exact. No breakdown of the sample by enterprise size, sector
or region was available, preventing analysis of firm heterogeneity, which the literature identifies
as an important dimension of Al adoption. Most importantly, the absence of any cross-
tabulation, correlation or regression linking individual enterprises' readiness scores to their own
adoption stage means that the “gap” documented in this paper is a population-level descriptive
pattern rather than a tested statistical association, and should not be read as evidence of a causal
or even correlational firm-level mechanism.
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Future research should address these limitations directly. Priority directions include:
collecting firm-level data that link individual enterprises' digital-readiness scores to their own
Al adoption stage, enabling formal association or regression analysis; incorporating firm-size
and sector breakdowns to examine heterogeneity in the readiness-adoption relationship;
adopting longitudinal designs capable of tracking whether enterprises with higher initial
readiness subsequently show faster Al adoption; complementing self-reported measures with
more objective indicators of digital and Al capability; and extending the analysis to allow direct,
harmonised comparison with EU27 firm-level surveys. Such research would allow the
descriptive pattern identified in this paper to be tested more rigorously and would provide a
stronger evidentiary basis for the managerial and policy recommendations outlined above.
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Organisational Factors Associated with Artificial Intelligence Adoption:
Evidence from Hierarchical Logistic Regression in Slovak Enterprises

Filip Stovi¢ek, Rébert Hanak, Zuzana Hajduova

Abstract

adoption among enterprises, little firm-level evidence explains which organisational
characteristics independently distinguish Al adopters from non-adopters once multiple
determinants are considered jointly. This paper examines organisational factors associated
with Al adoption among Slovak enterprises using hierarchical binary logistic regression
estimated on survey data collected within the Al-impactSK project. The dependent variable
distinguishes enterprises currently using or piloting Al (coded 1) from enterprises planning or
not intending to adopt Al (coded (). Five nested models sequentially introduce a composite Al
Maturity index, a Business Sentiment construct derived from the Technology Acceptance
Model, seven Technology-Organization-Environment (TOE) dimensions, and three categories
of perceived implementation barriers. Model fit and explanatory power (Nagelkerke R’ rising
from 0.063 to 0.136) improve as organisational-level constructs are added, with the strongest
predictor being TOE Organisation (odds ratio 1.93-2.07), followed by AI Maturity (odds ratio
1.55-2.07) and Business Sentiment, significant only once organisational readiness is controlled
for. Perceived technological barriers are independently associated with lower adoption odds,
while most other TOE dimensions and the organisational and external barrier categories do
not retain independent significance. A parsimonious four-predictor model retains about 83
percent of the full model's explanatory power. The findings suggest that internal organisational
capability, rather than technology availability or external conditions, is the principal correlate
of Al adoption, with implications for managerial practice and innovation policy. Results should
be read as statistical association rather than causal determination given the cross-sectional,
self-reported data.

JEL classification: C25, M15, 033
Keywords: artificial intelligence adoption, logistic regression, organisational readiness

1 Introduction

Artificial intelligence has evolved from an emerging digital innovation into a strategic
organisational capability with the potential to transform business processes, decision-making
and competitive positioning, while simultaneously raising new managerial challenges regarding
its responsible and effective deployment (Kaplan & Haenlein, 2020). Enterprises increasingly
recognise the potential of Al to enhance operational efficiency, automate repetitive activities
and support evidence-based managerial decisions. Nevertheless, considerable differences
remain in the extent to which this recognition translates into actual organisational adoption:
while some enterprises have already integrated Al into multiple business functions, many others
remain at the stage of experimentation or have not initiated implementation at all.

Descriptive statistics can document the prevalence of Al adoption and characterise the
organisations involved, but they cannot determine which organisational characteristics
independently influence adoption once multiple potential determinants operate simultaneously.
Because Al adoption plausibly results from the interaction of organisational capability,
managerial attitudes, technological readiness, environmental conditions and perceived
implementation barriers, understanding its correlates requires multivariate analytical techniques
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capable of modelling several explanatory constructs jointly while accounting for their
interdependence.

A substantial body of research addresses related questions using two complementary
theoretical lenses. The Technology Acceptance Model (TAM) emphasises that favourable
perceptions of a technology's usefulness and ease of use shape the willingness of individuals
and organisations to adopt it (Davis, 1989). The Technology-Organization-Environment (TOE)
framework instead argues that adoption depends jointly on technological, organisational and
environmental contexts (Tornatzky & Fleischer, 1990), and has been widely applied to explain
enterprise-level adoption of digital and Al technologies (Mikalef & Gupta, 2021). Systematic
reviews of the strategic use of Al in the digital era have called for more empirical work linking
validated organisational constructs to the probability that firms actually reach the
implementation stage, rather than relying on isolated survey items (Borges et al., 2021).

Despite the relevance of both frameworks, firm-level evidence that jointly estimates their
relative and incremental contribution to Al adoption specifically among Slovak enterprises has,
to the authors' knowledge, not previously been reported. Existing Slovak evidence on Al
diffusion relies primarily on descriptive or highly aggregated indicators; for instance,
harmonised Eurostat data show that Slovak enterprises trailed the EU27 average in Al adoption
across all size classes between 2021 and 2024, without decomposing this gap into
organisational-level correlates (Kédarova et al., 2026). This creates a specific empirical gap:
which organisational constructs - overall Al maturity, managerial sentiment, the individual
TOE dimensions, or perceived implementation barriers - remain statistically associated with Al
adoption once they are considered jointly within the same enterprise population.

This paper addresses this gap using data collected within the Al-impactSK project, funded
through the Recovery and Resilience Plan for Slovakia. Building on previously validated
composite indicators of organisational Al maturity, business sentiment, TOE dimensions and
implementation barriers, the analysis estimates five hierarchical binary logistic regression
models that sequentially introduce these constructs to explain whether a Slovak enterprise
currently uses or pilots Al. The models allow both the incremental explanatory contribution of
each theoretical block and the stability of individual predictors to be assessed as additional
controls are introduced.

The paper is guided by the following research questions:

e RQI: Is organisational Al maturity associated with the probability that an enterprise
currently adopts Al, and does this association persist after controlling for managerial
sentiment, TOE dimensions and implementation barriers?

e RQ2: Does managerial sentiment towards Al (a TAM-derived construct) contribute
explanatory power beyond organisational Al maturity?

e RQ3: Which TOE dimensions retain an independent association with Al adoption once
organisational maturity and managerial sentiment are controlled for?

e RQ4: Do perceived implementation barriers reduce the odds of AI adoption
independently of organisational capability?

Corresponding to these questions, four working hypotheses are formulated:

e HI: Organisational Al maturity is positively associated with the odds of Al adoption.

e H2: Business Sentiment is positively associated with the odds of AI adoption after
controlling for Al maturity.

e H3: TOE Organisation is positively associated with the odds of Al adoption
independently of Al maturity and Business Sentiment.
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e H4: Perceived technological implementation barriers are negatively associated with the
odds of Al adoption.

2 Current State of the Solved Problem at Home
2.1 Organisational AI maturity as a predictor of adoption

Organisational Al maturity is commonly conceptualised as a multidimensional capability
encompassing strategic orientation, organisational culture, technological readiness, data
governance and ethical and privacy preparedness, rather than a single measure of Al usage
(Mikalef & Gupta, 2021). Building on the resource-based view of the firm, an Al capability has
been characterised as jointly comprising tangible technological resources, human skills and
intangible organisational resources, with the human-capital and organisational components
frequently representing the weakest link between available technology and realised
performance (Mikalef & Gupta, 2021). This perspective implies that Al maturity should predict
adoption not because it measures current Al use directly, but because it captures the broader
organisational capacity required to sustain implementation. The Technology Acceptance Model
posits that perceived usefulness and perceived ease of use are fundamental antecedents of
technology acceptance, and that favourable perceptions translate into a greater willingness to
adopt a given technology (Davis, 1989). Applied at the organisational level, this suggests that
managerial attitudes and expectations regarding Al - captured here as Business Sentiment -
should be positively associated with adoption. At the same time, the literature on management
and Al cautions that automation and augmentation applications of Al create persistent
organisational tensions, so that positive discourse about Al does not automatically translate into
a linear progression from favourable sentiment to implementation (Raisch & Krakowski, 2021).
This suggests that the independent contribution of managerial sentiment may depend on which
other organisational characteristics are simultaneously controlled for.

2.2 The Technology-Organization-Environment framework

The TOE framework explains technology adoption through the joint influence of
technological, organisational and environmental contexts (Tornatzky & Fleischer, 1990).
Within this framework, the organisational dimension - encompassing governance structures,
managerial commitment, resource availability and internal coordination capacity - is frequently
found to exert a stronger influence on adoption than technology characteristics or external
environmental pressures considered in isolation. This is consistent with resource-based
evidence suggesting that Al contributes to firm performance mainly when embedded within a
wider set of organisational resources and capabilities rather than adopted as a stand-alone
technology (Chen et al., 2022).A recurring theme in the technology-adoption literature is that
perceived implementation barriers - technological, organisational and external - can suppress
adoption even among enterprises that otherwise display favourable organisational
characteristics. Technological barriers, including inadequate infrastructure, insufficient
technical expertise and integration difficulties, are commonly identified as one of the most
persistent obstacles separating organisations that experiment with Al from those that translate
experimentation into sustained implementation. Whether such barriers retain an independent
statistical association with adoption once organisational maturity, sentiment and TOE
dimensions are controlled for is, however, an empirical question that hierarchical modelling is
well suited to address. Taken together, the reviewed literature establishes organisational Al
maturity, managerial sentiment (TAM) and the TOE dimensions as complementary, partially
overlapping explanatory perspectives on Al adoption, with perceived barriers acting as a
potential counterweight to organisational readiness. What remains comparatively
underexplored is the relative and incremental contribution of these perspectives when estimated
jointly, using validated composite indicators, within a single national enterprise population. The
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conceptual framework guiding this study therefore treats Al adoption as a binary organisational
outcome jointly shaped by (a) overall organisational Al maturity, (b) managerial sentiment, (c)
the specific organisational, technological and environmental conditions captured by the TOE
framework, and (d) perceived implementation barriers, with hierarchical logistic regression
used to trace how the statistical association of each block changes as the others are introduced.

3 Research design and methodology

The aim of this paper is to identify which organisational characteristics are statistically
associated with Al adoption among Slovak enterprises, and to assess how the strength and
significance of these associations change as additional theoretically motivated predictor groups
are introduced. The partial objectives are: (1) to estimate a baseline model relating
organisational Al maturity to Al adoption; (2) to assess the incremental contribution of
managerial sentiment, TOE dimensions and implementation barriers through successive
hierarchical models; and (3) to identify a parsimonious subset of predictors that retains most of
the explanatory power of the full model. The study tests hypotheses H1-H4 stated in Section 1.

3.1 Data collection

The data used in this study were collected within the Al-impactSK project (“Assessment of
the impact of artificial intelligence on the Slovak labour market and enterprises”), funded by
the European Union through the NextGenerationEU instrument under the Recovery and
Resilience Plan for Slovakia (project No. 09105-03-V02-00003/2025/VA). The explanatory
variables used in this study - organisational Al maturity, business sentiment, the seven TOE
dimensions and the three barrier dimensions - correspond to questionnaire sections that, in the
project's companion descriptive report (Statistical Analysis Report 3.3), were administered
through the project's web-based (CAWI) survey to a population of 312 Slovak enterprises
already engaged in Al-related activities.

The econometric report underlying this study (Econometric Model Outcomes, Deliverable
5.2) does not itself restate the exact sample size used in the estimation of the five logistic
regression models; it reports degrees of freedom for the likelihood-ratio tests but not the total
number of observations. Based on the correspondence between the composite variables used in
the regression models and the CAWI questionnaire sections described in the companion
descriptive report, the analytic sample is inferred to be drawn from this n = 312 CAWI
population. This inference could not be independently verified from the text of Deliverable 5.2
alone and is treated as a methodological limitation (Section 6). Because the CAWI sample
comprises enterprises already engaged with Al rather than a random cross-section of the Slovak
enterprise population, the findings should be interpreted as applying to this self-selected
population rather than to Slovak enterprises in general.

3.2 Dependent variable

The dependent variable represents current organisational AI adoption. The original
questionnaire measured Al implementation using a seven-category ordinal variable ranging
from active use of AI across multiple business functions to no current use and no
implementation plans. For the purposes of explanatory modelling, this variable was recoded
into a binary outcome: enterprises reporting active use of Al in multiple areas, active use in
selected processes, or current pilot testing were classified as adopters (Al _use = 1); enterprises
reporting no current use, irrespective of their planned implementation horizon, were classified
as non-adopters (Al use = 0). The inclusion of pilot-testing enterprises among adopters reflects
the view that piloting represents realised organisational commitment - allocated resources,
managerial attention and practical integration into at least part of operations - rather than mere
intention.
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Binary logistic regression was preferred over ordinal or multinomial alternatives for both
theoretical and practical reasons. Ordinal logistic regression would require the proportional-
odds assumption to hold across categories that differ substantially in conceptual content (active
use vs planning horizons), which is difficult to justify; multinomial regression would require
larger within-category sample sizes than are available and would address a different research
question (comparing adoption stages rather than the adoption decision itself). This
operationalisation is also consistent with the broader literature on enterprise technology
adoption, which frequently distinguishes current adopters from non-adopters as the key
organisational transition of interest.

The explanatory variables were not derived from individual questionnaire items but from
composite indices representing validated latent constructs identified in prior exploratory factor
analysis conducted within the Al-impactSK project. For each retained factor, a composite score
was calculated as the arithmetic mean of its constituent items, and internal consistency was
evaluated using Cronbach's alpha (Cronbach, 1951) prior to inclusion in the regression models.
Table 1 summarises the twelve composite variables used across the five hierarchical models.

Table 1
Composite variables used in the hierarchical logistic regression models

Composite index Underlying construct Used in models
Overall organisational Al maturity (culture,
Al Maturity strategy, organisation, technology, data, Models 1-5

ethics, privacy)
Positive organisational attitudes towards Al

Business Sentiment (Positive) (TAM) Models 2-5

Information Formal Formal sources of Al-related information Model 4

TOE Organization Organisational read1qe§s and managerial Models 3-5

capability

TOE Al Benefits Perceived organisational benefits of Al Models 3-4

TOE AI Complexity Perceived implementation complexity Models 3-4

TOE Technology Readiness Technologwal prepare.dness i Al Models 3-4

implementation

TOE Public Support Perceived availability of external institutional Models 3-4
support

TOE Market Pressure Competitive pressure to adopt Al Models 3-4

TOE Regulatory Risk Perceived regulatory uncertainty Models 3-4

Barrier Technology Perceived technolog%cal implementation Models 4-5
barriers

Barrier Organization Perceived internal organisational barriers Model 4

Barrier External Perceived external environmental barriers Model 4

Source: authors’ own elaboration

Prior to estimation, the relationships among all composite variables were examined using
Pearson correlation coefficients. Al Maturity showed its strongest association with TOE
Organization (r = 0.705, p <.001) and a strong positive association with Business Sentiment (r
= 0.646, p <.001), while all three barrier constructs correlated negatively with organisational
capability measures, most notably Barrier Organization with Al Maturity (r = -0.283, p <.001)
and with TOE Organization (r = -0.258, p < .001). The strongest observed correlation among
any pair of predictors was approximately 0.71, which is below thresholds generally regarded as
indicative of severe multicollinearity; this was subsequently confirmed by Variance Inflation
Factor (VIF) diagnostics reported alongside each regression model in Section 4.

Because the dependent variable is binary, model parameters were estimated using binary
logistic regression via Maximum Likelihood Estimation (MLE), which identifies parameter
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values that maximise the likelihood of the observed pattern of Al adoption in the sample. The
estimated coefficients represent changes in the log-odds of Al adoption associated with a one-
unit increase in each predictor; for interpretability, results are reported as odds ratios (OR =
e”P), where OR > 1 indicates increasing odds of adoption and OR < 1 indicates decreasing
odds.

A hierarchical modelling strategy was adopted, in which five nested models were estimated
by sequentially introducing additional predictor groups: Model 1 (Al Maturity only); Model 2
(Model 1 plus Business Sentiment); Model 3 (Model 2 plus the seven TOE dimensions); Model
4 (Model 3 plus the three barrier dimensions); and Model 5, a parsimonious specification
retaining only the predictors that demonstrated the strongest and most stable contribution across
Models 1-4 (Al Maturity, Business Sentiment, TOE Organization and Barrier Technology).
This sequencing allows the incremental explanatory contribution of each theoretical block to
be assessed and the stability of individual predictors to be evaluated as additional controls are
introduced.

Overall model significance was assessed using the likelihood-ratio chi-square statistic
relative to the intercept-only model. Explanatory power was evaluated using Nagelkerke's
pseudo-R?, and model fit was additionally compared using the Akaike Information Criterion
(AIC) and Bayesian Information Criterion (BIC), both of which penalise unnecessary model
complexity. Predictive performance was assessed using classification accuracy at the
conventional 0.50 probability threshold and the Area Under the Receiver Operating
Characteristic Curve (AUC), a threshold-independent measure of discrimination.
Multicollinearity was evaluated using Variance Inflation Factors (VIF) for every model.

All composite indices were constructed only after confirming acceptable to excellent
internal consistency (Cronbach's alpha) for their constituent items in the prior exploratory factor
analysis stage of the project; indices with unsatisfactory reliability were not carried forward
into the regression models. No further external validation (e.g., against objective indicators of
Al use) was conducted, and the composite indices should therefore be understood as validated
in terms of internal consistency rather than externally verified against non-self-reported criteria.
As noted in Section 3.2, the exact analytic sample size for the regression models is inferred
rather than explicitly stated in the source report, and this is treated as a limitation throughout
the interpretation of results.

4 Research results

All five models were statistically significant overall (p < 0.01), confirming that each
specification explains Al adoption significantly better than an intercept-only model.
Explanatory power, as measured by Nagelkerke's pseudo-R?, rose from 0.063 in the baseline
model to a maximum of 0.136 in the full model (Model 4), before declining only slightly to
0.113 in the parsimonious Model 5. Predictive discrimination (AUC) similarly improved from
0.631 in Model 1 to 0.684 in Model 4, remaining below the conventional 0.70 threshold for
good discrimination throughout, but showing a consistent, theoretically coherent improvement
as organisational-level predictors were added. Table 2 and Figure 1 summarise the fit and
predictive-performance statistics for all five hierarchical logistic regression models.
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Table 2
Comparative performance of the hierarchical logistic regression models
> Nagelkerke Significant
Model X p R? AIC BIC AUC predictors
Model 1 14.29 <0.001 0.063 388.00 395.42 0.631 Al Maturity
Model 2 15.56 <0.001 0.069 382.72 399.86 0.632 Al Maturity
Al Maturity,
Business
Model 3 26.46 0.002 0.115 391.82 428.93 0.665 Sentiment, TOE
Organization
Al Maturity,
Business
Model 4 31.57 0.002 0.136 39272 44095 0684  Scntment, TOE
Organization,
Barrier
Technology
Business
Model 5 26.07 <0.001 0.113 382.21 400.77 0.667 Sentiment, TOE
Organization

Source: authors’ own elaboration

The lowest AIC and BIC values were obtained for the parsimonious Model 5 (AIC =382.21,
BIC = 400.77), indicating that, once model complexity is penalised, the four-predictor
specification offers the most efficient representation of Al adoption among those estimated,
despite Model 4 achieving marginally higher raw explanatory power and predictive
discrimination.

Figure 1
Model fit and predictive discrimination (AUC) across the five hierarchical models

Model fit Discrimination
Model 1 @0.063 @0.630
Model 2 @ 0.069 @0.630
Model 3 @0.115 @ 0.666
Model 4 @0.136 @ 0.669
Model 5 @0.113 @ 0.667
0.00 0.02 0.04 0.06 0.08 0.10 0.12 0.14 0.16 0.50 0.55 0.60 0.65 0.70 0.75
Nagelkerke R? AUC

Source: authors’ own elaboration

Model 1: AI Maturity (baseline)

The baseline model, containing only the composite Al Maturity index, was statistically
significant (y*> = 14.29, p <0.001). The regression coefficient for AI Maturity was positive and
highly significant ( = 0.575, p <0.001), corresponding to an odds ratio of 1.78: each one-unit
increase in Al Maturity was associated with an approximately 78 percent increase in the odds
of AI adoption. Nagelkerke's R* reached 0.063, and the AUC was 0.631, indicating a
statistically meaningful but modest level of discrimination. Using the standard 0.50 threshold,
the model correctly classified 90.0 percent of non-adopters but only 17.0 percent of adopters,
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reflecting the conservative, imbalanced classification behaviour typical of single-predictor
models applied to moderately imbalanced binary outcomes. With only one predictor, VIF =
1.00, ruling out multicollinearity by construction.

Model 2: Adding Business Sentiment

Introducing Business Sentiment alongside Al Maturity produced a statistically significant
model (y*> = 15.56, df = 2, p < 0.001), with only a marginal increase in explanatory power
(Nagelkerke R? = 0.069). Al Maturity remained a highly significant predictor (B = 0.726, p =
0.0005; OR =2.07), while Business Sentiment was not statistically significant once Al Maturity
was controlled for (f =-0.226, p=0.261; OR = 0.80). This pattern is consistent with substantial
shared explanatory variance between the two constructs rather than with managerial sentiment
being irrelevant: organisations with higher Al Maturity also tend to report more favourable
sentiment, so that, in a two-predictor model, sentiment contributes comparatively little unique
information. AUC (0.632) and classification accuracy (91.1 percent for non-adopters, 16.1
percent for adopters) were similar to Model 1. Both predictors showed identical VIF (1.77),
well below concerning thresholds.

Model 3: Extended TOE model

Introducing the seven TOE dimensions produced the largest single increase in explanatory
power observed across the hierarchical sequence (y* = 26.46, df =9, p = 0.002; Nagelkerke R?
= 0.115, up from 0.069). Within this specification, AI Maturity's coefficient decreased and
became only marginally significant (f = 0.444, p = 0.060; OR = 1.56), consistent with part of
its explanatory content being redistributed to the more specific TOE dimensions. Business
Sentiment became statistically significant (B = -0.634, p = 0.015; OR = 0.53) once the TOE
variables were controlled for - a finding the source report attributes to the coding direction of
the sentiment scale (with higher values plausibly representing greater scepticism) rather than to
a substantive reversal of the expected relationship. TOE Organization emerged as the strongest
predictor in the model (B = 0.663, p = 0.019; OR = 1.94). None of the remaining TOE
dimensions - Al Benefits, Al Complexity, Technology Readiness, Public Support, Market
Pressure, or Regulatory Risk - reached conventional significance levels. AUC improved to
0.665, and classification accuracy was 86.3 percent for non-adopters and 29.5 percent for
adopters. VIF values ranged from 1.14 to 3.33 (highest for TOE Organization), remaining
within acceptable limits.

Model 4: Full model (TOE and barrier dimensions)

The full model, adding the three barrier dimensions to Model 3, achieved the highest overall
likelihood-ratio statistic (3> = 31.57, df = 12, p = 0.002) and the highest explanatory power
across all specifications (Nagelkerke R? = 0.136). Four predictors remained statistically
significant: Al Maturity (f = 0.497, p = 0.044; OR = 1.64), Business Sentiment (§ = -0.687, p
= 0.010; OR = 0.50), TOE Organization (p = 0.727, p = 0.012; OR = 2.07), and Barrier
Technology (B =-0.581, p=0.049; OR = 0.56). The remaining TOE dimensions and the Barrier
Organization and Barrier External constructs did not reach statistical significance. Public
Support approached but did not reach significance (B = -0.299, p = 0.096). Predictive
performance reached its highest level in this specification (AUC = 0.684), with classification
accuracy of 87.9 percent for non-adopters and 29.5 percent for adopters. VIF values ranged
from 1.20 to 3.43 (highest for TOE Organization), within accepted methodological limits.
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Figure 2
Odds ratios of the four statistically significant predictors

Al Maturity

@ OR=1.64

Business Sentiment OR = 0.50 @ m—

TOE Organization @ OR =2.07

Barrier Technology OR = 0.56 () m—
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Source: authors’ own elaboration

Model 5: Parsimonious (robustness) model

The final parsimonious model retained only AI Maturity, Business Sentiment, TOE
Organization and Barrier Technology. The model remained highly significant (y* = 26.07, df =
4,p <0.001) and preserved approximately 83 percent of the explanatory power of the full model
(Nagelkerke R?=0.113 versus 0.136) while using only one-third of the predictors, and achieved
the lowest AIC (382.21) and BIC (400.77) among all five models. Al Maturity remained
positive but only marginally significant (f = 0.441, p = 0.058; OR = 1.55); Business Sentiment
remained significant (B = -0.539, p = 0.023; OR = 0.58); TOE Organization remained the
strongest and most stable predictor (f = 0.657, p = 0.008; OR = 1.93); and Barrier Technology
narrowly missed conventional significance (B = -0.385, p = 0.077; OR = 0.68) while retaining
a stable direction and magnitude consistent with the full model. AUC was 0.667, with
classification accuracy of 88.4 percent for non-adopters and 27.7 percent for adopters. VIF
values ranged from 1.00 to 2.55, the lowest range observed across the five models.

Table 3
Summary of hypothesis testing across the hierarchical models

Hypothesis Main result Decision
H1: AI Maturity is positively
associated with AI adoption

odds

Positive and significant in Models
1-2 and 4; positive but only
marginally significant in Models 3
and 5 (OR 1.55-2.07 throughout)

Supported (attenuates once TOE
Organization is controlled for)

H2: Business Sentiment is
positively associated with Al
adoption odds after controlling

Not supported as originally
directional; a significant

Not significant in Model 2; L o
association emerges, but its sign

significant with a negative

for AI Maturity coefficient in Models 3-5 rqquires cgutiogs infterpretation
given coding-direction
ambiguity (Section 4.4)

H3: TOE Organization is

positively associated with Al Positive and significant in Models

adoption odds independently of = 3-5 (OR 1.93-2.07), the strongest Supported

Al Maturity and Business
Sentiment

H4: Perceived technological
barriers are negatively
associated with AI adoption
odds

Source: authors’ own elaboration

and most stable predictor overall

Negative and significant in Model 4

(OR = 0.56); negative but marginal
in Model 5 (p =0.077)
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5 Discussion

The results indicate that internal organisational capability, rather than the availability of
technology itself or external environmental conditions, is the correlate most consistently
associated with Al adoption among the surveyed Slovak enterprises. Across all specifications
in which it was included, TOE Organization - reflecting governance structures, managerial
commitment and internal coordination capacity - was the strongest and most stable predictor, a
finding that directly supports the central TOE proposition that organisational context is at least
as important as technological characteristics in shaping adoption outcomes (Tornatzky &
Fleischer, 1990).

The behaviour of the AI Maturity construct across the hierarchical sequence is informative
in its own right. Its coefficient remained positive throughout but weakened as more specific
TOE dimensions were introduced, consistent with Al Maturity representing a higher-order
organisational capability whose explanatory content is partly captured by, and partly distinct
from, the more granular organisational readiness measured by TOE Organization (Mikalef &
Gupta, 2021). This pattern illustrates a general risk in explanatory modelling of organisational
capability: broad composite constructs and their more specific components can compete for the
same explanatory variance, so that apparent changes in significance across nested models
should be interpreted structurally rather than as evidence that a predictor has become
unimportant. As discussed further in Section 6.1, this attenuation pattern is also the classic
statistical signature of mediation, and is best confirmed formally rather than inferred solely
from the sequence of nested models.

The behaviour of Business Sentiment is more difficult to interpret with confidence. Its non-
significance in Model 2 and significant negative coefficient in Models 3-5 is consistent with
the source report's own caveat that the direction of this result may reflect the coding of the
sentiment scale (with higher scores potentially indicating greater scepticism) rather than a
substantive finding that positive attitudes reduce adoption odds. This is compounded by the
broader observation that Al-related organisational discourse and actual implementation do not
always progress in a simple linear sequence, with automation and augmentation applications of
Al creating persistent rather than transitional organisational tensions (Raisch & Krakowski,
2021). Given this ambiguity, the present study reports the association but explicitly declines to
draw a substantive directional conclusion about managerial sentiment beyond noting that it
retains independent explanatory content once organisational readiness is controlled for.

The independent, significant association between perceived technological barriers and
lower adoption odds in the full model - alongside the non-significance of organisational and
external barriers - suggests that, once organisational capability is accounted for, the remaining
constraint most closely tied to non-adoption is specifically technological (infrastructure,
technical expertise, integration difficulty) rather than organisational or external in a broader
sense. This is consistent with resource-based arguments that Al contributes to firm outcomes
mainly when embedded within a wider set of complementary organisational resources, so that
technological gaps not compensated by organisational capability remain a binding constraint
(Chen et al., 2022).

The comparatively modest explanatory power (maximum Nagelkerke R? = 0.136) and
discrimination (maximum AUC = 0.684) observed across all models should not be read as a
failure of the modelling strategy; pseudo-R? and AUC values of this magnitude are common in
organisational technology-adoption research, where adoption decisions are shaped by
numerous strategic, economic and behavioural factors that cannot be fully captured within a
single questionnaire-based model. The consistent, theoretically coherent pattern of
improvement from Model 1 to Model 4, and the retention of about 83 percent of that explanatory
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power in the four-predictor Model 5, together provide reasonably robust evidence that a small
number of organisational constructs - overall maturity, organisational readiness and
technological barriers, together with managerial sentiment - capture most of the systematic
organisational variation associated with Al adoption in this population.

For enterprise managers, the results suggest that investment in Al-specific technology alone
is unlikely to be sufficient for successful adoption unless accompanied by organisational
capability-building. Concrete implications include: (a) prioritising governance structures, clear
organisational responsibility and internal coordination mechanisms for Al initiatives, given that
TOE Organization was the most robust predictor across all specifications; (b) treating overall
Al maturity - spanning strategy, culture, data governance and ethics - as a cumulative
organisational asset built over time rather than as a by-product of acquiring Al tools; and (c)
directly addressing technological implementation barriers such as infrastructure gaps and
technical-skill shortages, since these retained an independent negative association with
adoption even after organisational readiness was controlled for.

From a policy perspective, the results suggest that national support measures aimed at
accelerating Al diffusion should not rely primarily on technology-focused subsidies or
awareness campaigns. Instead, the consistent importance of organisational readiness (TOE
Organization) and technological implementation barriers points towards support for
organisational capability development - managerial training, Al governance guidance, and
structured technical assistance targeting infrastructure and skills gaps - as potentially more
effective levers for increasing the share of enterprises that translate Al awareness into actual
adoption. Given that the underlying sample corresponds to enterprises already engaged with Al
(Section 3.2), such measures may be particularly relevant for supporting this population's
transition from experimentation to broader implementation, while further research is needed to
determine whether the same associations hold in the wider population of Slovak enterprises that
have not yet engaged with Al at all.

6 Conclusions

This paper examined the organisational factors associated with Al adoption among Slovak
enterprises using five hierarchical binary logistic regression models estimated on composite
indicators of Al maturity, managerial sentiment, TOE dimensions and perceived
implementation barriers. The results show that organisational readiness (TOE Organization) is
the most robust and stable correlate of Al adoption, followed by overall Al maturity, while
managerial sentiment and technological barriers retain independent, though more sensitive,
associations once other organisational characteristics are controlled for. Explanatory power and
predictive discrimination improved consistently as organisational-level predictors were added,
and a parsimonious four-predictor model preserved most of the explanatory capacity of the full
specification.

In answer to the research questions: (RQ1) AI Maturity is positively associated with
adoption odds, though the strength of this association attenuates once more specific
organisational readiness measures are introduced (H1 supported); (RQ2) Business Sentiment
contributes independent explanatory content once TOE dimensions are controlled for, but the
direction of this association is ambiguous given a possible scale-coding issue flagged in the
source data, so H2 is not supported in its originally hypothesised positive direction; (RQ3)
among the TOE dimensions, only TOE Organization retains a robust independent association
with adoption, strongly supporting H3; and (RQ4) perceived technological barriers are
negatively associated with adoption odds in the full model, partially supporting H4, while
organisational and external barriers do not retain independent significance.
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The hierarchical results reported in Section 4 display a pattern that is characteristic of
statistical mediation rather than pure suppression or redundancy: the association between Al
Maturity and Al adoption is strong and significant when Al Maturity is the sole predictor
(Model 1, OR = 1.78), but it attenuates once TOE Organization is introduced (Model 3, OR
falls to 1.56 and loses conventional significance), while TOE Organization itself emerges as the
strongest and most stable predictor in every specification in which it appears. This is precisely
the coefficient pattern that formal mediation analysis is designed to test, and the present nested-
model comparison, while suggestive, does not by itself establish mediation because it does not
decompose the total association into direct and indirect components or provide a significance
test for the indirect path.

A methodologically stronger next step would therefore be to complement the hierarchical
logistic regression with a formal mediation model - for example, a structural equation model
(SEM) with a binary or probit-linked outcome, or a Karlson-Holm-Breen (KHB) decomposition
designed specifically for comparing nested nonlinear probability models, together with
bootstrapped confidence intervals (e.g., 5,000 resamples) for the indirect effect of AI Maturity
on Al adoption operating through TOE Organization. Unlike the simple comparison of
coefficients across nested logistic models used here, the KHB approach and SEM-based
mediation explicitly correct for the rescaling of logistic coefficients that occurs whenever
predictors are added to a nonlinear model, which can otherwise create the appearance of
attenuation even in the absence of true mediation. Confirming or disconfirming mediation
formally would clarify whether Al Maturity's association with adoption operates primarily
indirectly, through the organisational readiness captured by TOE Organization, or whether the
two constructs make more genuinely separable contributions - a distinction with direct
managerial relevance, since it would indicate whether efforts to raise general Al maturity are
expected to translate into adoption mainly by strengthening organisational governance
specifically, or through other, more independent channels.

A second, complementary refinement concerns model estimation rather than model
structure. With an inferred analytic sample of roughly n = 312 and up to twelve candidate
predictors in Model 4, the ratio of events (adopters) to predictors is relatively low, and several
odds ratios in Sections 4.4-4.6 sit close to conventional significance thresholds (e.g., p = 0.049,
p=0.058, p=10.077). Under these conditions, standard maximum-likelihood logistic regression
is known to be vulnerable to small-sample bias and, in more extreme cases, to quasi-separation.
Firth's penalised (bias-reduced) logistic regression - which adds a Jeffreys-prior penalty to the
likelihood function - provides a more robust alternative for the full and parsimonious models,
and would also allow exact or profile-likelihood confidence intervals to be reported for the
borderline predictors, rather than relying solely on Wald-based p-values. Re-estimating Models
4 and 5 with Firth's correction, alongside the proposed mediation analysis, would strengthen
confidence in which associations are genuinely robust before the findings are used to inform
managerial or policy recommendations. Both extensions would require direct access to the
underlying microdata and could not be performed within the scope of the present paper, which
relies on the aggregate model outputs reported in Deliverable 5.2; they are therefore proposed
here as a concrete next analytical step rather than presented as completed analyses.

The study is subject to several important limitations. First, and most significantly, the source
econometric report does not explicitly state the exact sample size used in the regression models;
based on the correspondence of the composite variables with the CAWI questionnaire sections
described in a companion project report, the analytic sample is inferred to be the n =312 CAWI
population, but this could not be independently verified and should be confirmed before the
findings are used for generalisation. Second, the CAWI sample comprises enterprises already
engaged with Al-related activities rather than a random cross-section of Slovak enterprises,
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limiting the generalisability of the findings to the broader enterprise population. Third, the
cross-sectional design and self-reported nature of all measures mean that the reported
associations cannot be interpreted causally, despite the explanatory framing of the underlying
logistic regression models; reverse causality (for example, enterprises that adopt Al
subsequently reporting higher organisational maturity or more favourable sentiment) cannot be
excluded. Fourth, the ambiguity regarding the coding direction of the Business Sentiment scale
limits confidence in the substantive interpretation of that specific finding. Fifth, although the
project's research framework describes a complementary Principal Component Analysis (PCA)
and JointSpace mapping of organisational perceptions, no PCA results (eigenvalues, loadings,
or explained variance) are reported in the source document, and this study therefore does not
present PCA findings; readers should not assume that such an analysis was completed within
the reviewed deliverable.

Future research should prioritise: formally testing TOE Organization as a mediator of the
Al Maturity - Al adoption association using SEM-based or KHB decomposition methods with
bootstrapped indirect-effect confidence intervals, as outlined in Section 6.1; re-estimating the
full and parsimonious models using Firth's penalised logistic regression to address small-sample
and borderline-significance concerns; confirming the exact analytic sample size and, ideally,
obtaining access to the underlying microdata to verify the coding direction of the Business
Sentiment scale; extending the analysis to a broader, more representative sample of Slovak
enterprises including those with no prior Al engagement; incorporating firm-size, sector and
regional controls, which were not available in the reviewed report; conducting the planned PCA
and JointSpace analysis to complement the explanatory logistic regression results with a
strategic, dimension-reduction perspective on organisational perceptions; and, where feasible,
adopting longitudinal designs capable of addressing the direction of causality between
organisational readiness, sentiment and Al adoption suggested, but not established, by the
present cross-sectional models.
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Pozicia Slovenska v ekosystéme podnikovej adopcie umelej inteligencie v
ramci krajin EU
Slovakia’s Position in the Enterprise Artificial Intelligence Adoption
Ecosystem within EU Countries

Slavka Sagatova, Nora Grisakova, Vladimir Hojdik

Abstract

This paper examines Slovakia’s position in the empirically comparable part of the enterprise
artificial intelligence adoption ecosystem within the European Union. The analysis applies a
rank-based weighted linear aggregation model combining institutional Al readiness, GAIRI
Development & Diffusion, digital absorptive conditions and direct enterprise Al adoption. The
main adoption-oriented scenario S is examined in detail, while control scenarios S2—S5 test
the stability of results under alternative weighting and robustness settings, including a
renormalised scenario without the GAIRI Development & Diffusion criterion. Microsoft Al
Diffusion is used only as an external robustness control. The results show that Slovakia ranks
22nd in SI and remains outside the group of EU Al adoption leaders. Its position is stable
across all control scenarios, varying between 21st and 24th place, and high Spearman rank
correlations confirm the robustness of the overall ordering. The dynamic perspective identifies
Slovakia as a rapidly catching-up economy, but this interpretation is qualified by a low initial
adoption base and weak institutional, diffusion and digital absorptive conditions. The paper
contributes by distinguishing direct adoption, institutional readiness, digital absorptive
capacity and Al development and diffusion, and by linking the static EU ranking with adoption
dynamics and the interpretation of Slovakia as a rapidly catching-up but systemically
constrained Al adoption economy.

JEL classification: 033, 038
Keyword: artificial intelligence adoption; Slovakia; composite indicator

1 Uvod

Adopcia umelej inteligencie sa stala jednym z kl'a€ovych prejavov digitalnej transformacie
podnikov a zdrovenn dolezitym ukazovatelom digitalnej pripravenosti ekonomik. Al uz
nepredstavuje iba technoldgiu spojentt s vyskumom a vyvojom modelov, ale Coraz viac
vstupuje do podnikovych procesov, rozhodovania, automatizacie, marketingu, zakaznickej
komunikacie, controllingu a riadenia vykonnosti. Z vedeckého hl'adiska preto nestaci sledovat’
len podiel podnikov, ktoré Al pouZzivaju. Potrebné je rozliSovat’ medzi priamou adopciou,
inStitucionalnou pripravenostou, digitdlnou absorpcnou kapacitou a rozvojovo-difuznymi
podmienkami, ktoré umoziuju Sirsie a produktivnejSie vyuzitie Al.

2 Sucasny stav rieSenej problematiky doma a v zahranici

Hodnotenie pozicie jednotlivych krajin v oblasti umelej inteligencie si vyZaduje rozliSenie
medzi samotnym pouzivanim Al a podmienkami, ktoré umoziuju jej SirSie rozSirenie.
Teoretické vychodiska preto prepdjaji literatiru o technologickej adopcii, inovaciach,
absorpc¢nej kapacite a technologickom dobiehani s konceptom ekosystému podnikovej adopcie
digitalnych technoldgii.

2.1 Teoretické ramce technologickej adopcie

Teoretické vysvetlenie adopcie Al mozno opierat’ o diftiziu inovacii a ramec Technology-
y Yy
Organization-Environment (TOE). Teoéria difizie inovacii vysvetl'uje, ze nové technologie sa
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medzi organizaciami neSiria rovnomerne, nakol’ko ich prijatie zavisi od vnimanej relativnej
vyhody, kompatibility, komplexnosti, moznosti experimentovania a pozorovatelnosti
vysledkov (Rogers, 2003). Pri Al je tento ramec relevantny najmé preto, Ze podniky casto
postupujui od experimentovania k pilotnym rieSeniam a az nasledne k SirSiemu zakoreneniu
technolégie v procesoch. Ramec TOE dopiia tento pohlad tym, Ze vysvetluje adopciu
technologii ako vysledok technologickych, organizacnych a environmentalnych faktorov
(Tornatzky & Fleischer, 1990).

V technologickej dimenzii je kI'iovd datova pripravenost, interoperabilita, cloud,
kyberneticka bezpecnost’ a digitdlna infraStruktara. V organizacnej dimenzii ide o velkost
podniku, manazérsku podporu, interné zru¢nosti a schopnost’ menit’ procesy. Environmentalna
dimenzia zahfna regula¢ny rdmec, konkurenciu, dostupnost’ externych dodavatel'ov, verejné
politiky a inova¢ny ekosystém. Novsie Stadie potvrdzuju, Ze tento ramec je vhodny aj pre
analyzu Al, pretoze Al adopcia je podmienend subeznym pdsobenim technologickych,
organizacnych a inStitucionalnych faktorov (Ayinaddis, 2025; Dwivedi et al., 2021). Adopciu
Al je pritom dolezité vnimat’ aj v kontexte konceptu absorpcnej kapacity. Tento koncept
upozoriiuje na skutocnost, Ze schopnost” vyuzivat nové poznatky a technologie zavisi od
existujucich znalosti, zru¢nosti a organizacnych kapacit (Cohen & Levinthal, 1990; Zahra &
George, 2002).

Stcasna literatura zaroven zdoraziuje, ze Al sa odliSuje od tradicnych informacnych
technologii tym, Ze zasahuje do rozhodovania, automatizuje kognitivne tilohy a vyzaduje nové
formy riadenia rizik, transparentnosti a zodpovednosti. Dlhodoby vplyv Al na produktivitu
preto nebude zavisiet’ len od poctu podnikov, ktoré Al pouzivajui, ale najmé od kvality jej
integracie, podnikovych procesov a od komplementarnych organiza¢nych zmien (Filippucci et
al., 2024).

2.2 Zavadzanie Al do praxe

Pri skumani zavadzania Al do podnikovej praxe je potrebné odliSovat’ adopciu,
pripravenost’ a kapacitu implementéacie. Adopcia Al oznacuje redlne pouzivanie Al technoldgii
podnikmi. Podl'a ildajov Eurostatu pouzivalo v roku 2025 aspon jednu Al technologiu priblizne
20 % podnikov v EU. Miera adopcie sa pritom vyrazne ligila podl'a velkosti podniku, pric¢om
aspoil jednu technolégiu Al pouzivala viac ako polovica velkych podnikov, zatial' ¢o medzi
malymi a strednymi podnikmi bol tento podiel nizsi (Eurostat, 2026). Tento ukazovatel je
najpriamejSou mierou podnikovej adopcie, ale sam osebe nevysvetl'uje, preco niektoré krajiny
dokédzu Al zavadzat rychlejsie a SirSie.

Doélezitymi faktormi, ktoré umoziiujii posudzovat’ podmienky adopcie su: pripravenost’ na
Al, kapacita Al a difuzia Al. Pripravenost’ na Al vyjadruje schopnost’ §tatu a institucionalneho
prostredia vytvarat podmienky na bezpecné a efektivne vyuzivanie Al. Government Al
Readiness Index (GAIRI) hodnoti pripravenost’ vlad prostrednictvom rozsiahleho suboru
indikatorov v oblasti policy capacity, governance, infrastruktiry, verejnej adopcie, vyvoja,
difuzie a odolnosti (Oxford Insights, 2025). Tento index preto nemeria priamo podnikovu
adopciu, ale SirSie verejno-politické a inStituciondlne predpoklady. Kapacita Al zahifa SirSie
zdroje potrebné na vyvoj, implementiciu a Skalovanie umelej inteligencie vratane
infrastruktury, datovych zdrojov, zrucnosti a verejnych politik. OECD zdoéraziuje, Ze narodné
Al ekosystétmy nemozno redukovat na jeden indikator, pretoZze zahfiiaji vyskum,
infrastrukturu, pracovné miesta, zru¢nosti, investicie a verejné politiky (OECD, 2026). Difuizia
Al vyjadruje proces Sirenia Al naprie¢ podnikmi, sektormi a krajinami. Tento proces je
nerovnomerny a byva koncentrovany vo vel’kych podnikoch, znalostne intenzivnych sluzbach
a technologicky vyspelejsich regionoch (Kergroach & Héritier, 2025).
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2.3 Determinanty a prileZitosti adopcie AI

Podobne ako pri inych typoch inovécii aj pri implementacii Al je jednym z najstabilnejSich
empirickych zisteni velkostna diferenciacia jej adopcie. Vel'ké podniky disponujii va¢§imi
datovymi zdrojmi, investicnou kapacitou, Specializovanymi IT timami a formalnejSimi
procesmi riadenia zmien. Malé a stredné podniky CastejSie nardzaju na nedostatok kapitélu,
zruénosti, datovej infrastruktary a implementacnej podpory (OECD, 2025). Preto velké
podniky ¢asto pdsobia ako systémovi nositelia Al difuzie v hodnotovych retazcoch.

Pojem etablovanie Al do podnikovych procesov oznacuje mieru, v akej je Al integrovana
do zakladnych podnikovych funkcii, rozhodovania, interného vyvoja, riadenia vykonnosti a
tvorby hodnoty. Tento pohl'ad nadvézuje na literataru, podl'a ktorej €inky Al nezavisia iba od
samotného pouzivania technoldgie, ale aj od kvality jej integracie do podnikovych procesov a
od komplementarnych organiza¢nych zmien (Filippucci et al., 2024). ZjednodusSend adopcia,
napriklad pouzivanie generativnych nastrojov na jednoduché textové ulohy, nemusi znamenat’
systémovu transformaciu. Pre dobiehajice ekonomiky je preto kl'icové prejst’ od izolovanych
experimentov k produktivnej a procesne integrovanej adopcii. Poziciu Slovenska je v tejto
suvislosti potrebné interpretovat’ z pohladu technologického dobiehania. Pre dobiehajuce
ekonomiky je podstatna nielen schopnost’ vyvijat’ vlastné §pickové Al rieSenia, ale aj schopnost’
adaptovat’ existujuce technolodgie a premenit’ ich na produktivhu podnikovli schopnost
(Fagerberg & Godinho, 2005; Fagerberg & Srholec, 2008). Vysoka dynamika rastu adopcie
preto nemusi automaticky znamenat konvergenciu k vedicim ekonomikam, ak nie je
sprevadzana zlepSenim institucionalnych, difiznych a digitalnych predpokladov

Z uvedenych vychodisk vyplyva Struktura empirického modelu ¢lanku. Priama podnikova
adopcia Al zodpoveda pozorovanému pouZzivaniu technoldgie v podnikoch. Institucionalne
prostredie reflektuje environmentalnu dimenziu technologickej adopcie v ramci TOE pristupu
(Tornatzky & Fleischer, 1990; Johnk et al., 2021). Rozvojovo-difizna dimenzia zachytava
SirSie Sirenie Al v ekonomike v stlade s tedriou diftizie inovacii, podla ktorej sa nové
technologie medzi organizaciami a ekonomikami §iria nerovnomerne (Rogers, 2003). Digitalne
absorpcné predpoklady nadvdzuju na koncept absorpcnej kapacity, podl'a ktorého schopnost’
vyuzivat’ nové technologie zavisi od existujucich znalosti, zrucnosti, datovej a technologickej
zakladne (Cohen & Levinthal, 1990; Zahra & George, 2002).

3  Vyskumny dizajn

Hodnotenie pozicie krajin v oblasti podnikovej adopcie umelej inteligencie nemozno
zalozit’ na jedinom ukazovateli, pretoZe priama adopcia, digitalne predpoklady, inStituciondlne
prostredie a rozvojovo-difuzna dimenzia zachytavaju odlisné, ale vzajomne prepojené Casti
toho istého procesu. Vyskumny dizajn ¢lanku preto vychadza z konstrukcie kompozitného
poradového hodnotenia krajin EU27. Tento pristup nadvizuje na metodickd literatiru o
kompozitnych indikatoroch, podla ktorej tvorba suhrnného hodnotenia zahfiia vyber
ukazovatel'ov, Gpravu alebo transformaciu vstupnych udajov, vazenie, agregaciu a overovanie
citlivosti vysledkov (OECD — European Commission, Joint Research Centre, 2008; Greco et
al., 2019). Hlavnym ciel'om ¢lanku je zhodnotit’ poziciu Slovenska v empiricky porovnatel'nej
Gasti ekosystému podnikovej adopcie Al v ramci krajin EU27. Ciastkovymi cielmi sa zostavit
kompozitné poradie krajin EU, vyhodnotit poziciu Slovenska, doplnit’ statické poradie o
dynamiku rastu adopcie Al, porovnat’ Slovensko so susednymi krajinami a overit’ stabilitu
vysledkov. Na zaklade identifikovanych teoretickych vychodisk a stanoveného ciel'a boli
sformulované nasledovné vyskumné otazky: O1: Aku poziciu dosahuje Slovensko v EU27 pri
hodnoteni podmienok a prejavov podnikovej adopcie AI? O2: Je pozicia Slovenska v procese
adopcie Al stabilnd pri r6znych vahovych scenaroch a robustnostnych kontrolach? O3: Meni
sa interpretacia pozicie Slovenska po zohl'adneni dynamiky rastu adopcie Al?
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V nadviznosti na stanovené ciele mozno ako objekt skimania identifikovat’ krajiny EU27,
s dorazom na Slovensku republiku. Datovy ramec spdja indikatory s Giplnym alebo metodicky
kontrolovanym pokrytim krajin EU27. Vysledné poradie sa interpretuje ako kompozitny
prierezovy profil, nie ako presné synchronne meranie jedné¢ho kalendarneho roka. Hlavny
model je obmedzeny na dostupné a empiricky porovnate'né podmienky a prejavy podnikovej
adopcie Al. Nemozno ho preto interpretovat’ ako celkové poradie narodnej Al kapacity, ale ako
hodnotenie vybranych dimenzii adopéného ekosystému, ktoré su empiricky porovnatelné
naprie¢ krajinami EU27.

3.1 Operacionalizdacia konceptu podnikovej adopcie AI

Na ucely empirického hodnotenia je koncept podnikovej adopcie Al prevedeny do Styroch
statickych vypoctovych dimenzii: inStituciondlnej Al pripravenosti, rozvoja a difuzie Al,
digitalnych absorp¢nych predpokladov a priamej podnikovej adopcie. Ide o model adopéného
ekosystému v ramci EU, nie o iplné meranie narodnej Al kapacity. Dynamika adopcie je
zachytena samostatnym ukazovatel'om E, ktory je v texte interpretovany ako priemerné ro¢né
tempo rastu adopcie Al v obdobi 2021-2025. Tento ukazovatel' nevstupuje do vypoctu
hlavného agregovaného skore, pretoze vyjadruje zmenu v Case, nie staticka tiroven adopéného
ekosystému. Pouziva sa vSak pri interpretacii rastovej trajektorie krajin a pri odliSeni krajin s
nizkou statickou troviiou, ale vy$§im tempom dobiehania.

Tabulka 1
Operacionalizacia konceptu podnikovej adopcie Al v empirickom modeli

Teoreticka dimenzia Empirické kritérium Funkcia v modeli

verejno-politickd, regulacna a verejno-

Institucionalne prostredie  |A - Indexu pripravenosti vlad na Al L s
sektorova pripravenost

Sirsi rozvoj, l'udsky kapital, Al sektor a

Rozvoj a difuzia Al B - Rozvoj a diftuzia N
Sirenie Al
Digitalna absorpéna C — Digitalizacia ekonomiky a digitalne absorpcné predpoklady adopcie
kapacita spolocnosti Al
Priama podnikova adopcia D- Eprostat - Adopcia Al'v jadro skimaného javu
podnikoch
E — Priemerné ro¢né tempo rastu interpretacny ukazovatel rastu, nie vstup

Dynamika adopcie adopcie Al , v rokoch 2021-2025 do hlavného agregovaného skore

externy difuzny ukazovatel’, nie hlavné

Robustnostna kontrola M - Microsoft Al Diffusion .
kritérium

Zdroj: vlastné spracovanie na zaklade vstupnych udajov empirickych kritérii (Oxford Insights, 2025, European
Commission, 2025, Eurostat, 2026; Microsoft AI Economy Institute, 2025 )

Tabulka 1 ukazuje logiku prechodu od konceptudlnych dimenzii k empirickym kritériam.
Kritérium D predstavuje jadro skimaného javu, pretoze priamo zachytava podnikovu adopciu
Al Kritéria A, B a C vyjadrujt SirSie systémové, difizne a absorpéné podmienky, ktoré mézu
ovplyviiovat’ rozsah a kvalitu podnikovej adopcie. Kritérium E a ukazovatel' M nevstupuji do
hlavného agregovaného skore, pouzivaji sa iba na interpretacné a robustnostné doplnenie
vysledkov.

3.2 Datové zdroje a vyber ukazovatel’ov

Kritéria boli vybrané na zdklade troch podmienok: vecnej relevancie pre ekosystém
podnikovej adopcie Al pokrytia krajin EU27 a dostupnosti ¢iselnych tidajov vhodnych na
poradové porovnanie. Priama podnikovd adopcia tvori jadro hodnotenia, zatial o
inStituciondalna pripravenost’, rozvoj a difuzia Al a digitdlne absorpéné predpoklady zachytavaju
podmienky, ktoré umoziiuju adopciu rozvijat’, Skalovat’ a zakorenit’ v podnikovej praxi.
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Kritérium A bolo vypocitané ako aritmeticky priemer troch pilierov Indexu pripravenosti
vlad na umelu inteligenciu pre rok 2025 (GAIRI 2025) (Oxford Insights, 2025): Kapacita
verejnych politik, Sprava a Zavadzanie Al vo verejnom sektore. Tym sa nahradza celkové skore
GAIRI a znizuje sa riziko prekryvu s infrastruktirnou a difuznou dimenziou. Kritérium B tvori
samostatny pilier GAIRI 2025 Rozvoj a difuzia, ktory zachytava §irs§i rozvoj a Sirenie Al v
ekonomike. Kritérium C bolo vypocitané ako aritmeticky priemer poradi krajiny v Styroch
subindikatoroch DESI (Indexu digitadlnej ekonomiky a spolo¢nosti) (European Commission,
2025): cloud, analyza velkych dat / datova analytika, digitalna intenzita MSP a podiel IKT
Specialistov. Kritérium C sa od kritérii A, B a D li$i tym, Ze nevychadza z jedného povodného
skore, ale z priemerného poradia krajiny v Styroch digitalnych subindikatoroch. Z tohto dévodu
sa pri kritériu C nizSia hodnota interpretuje ako priaznivejSia pozicia. VSetkym Styrom
indikatorom boli priradené rovnaké vahy vyznamnosti, pretoze sliizia ako subindex digitalnej
absorpcnej kapacity, nie ako samostatny oficialny index.

Vzhl'adom na rozdielne referencné roky vstupnych zdrojov sa vysledné poradie interpretuje
ako kompozitny prierezovy profil. Tento postup je v sulade s odporti¢aniami literatury o
kompozitnych indikatoroch, ktord upozoriuje, ze vysledok kompozitného hodnotenia zavisi
nielen od vstupnych udajov, ale aj od spdsobu transformécie, vazenia a agregacie ukazovatel'ov
(OECD — European Commission, Joint Research Centre, 2008; Greco et al., 2019).

Tabul’ka 2
Datové zdroje a ukazovatele pouzité v multikriterialnej analyze

KOd / Ukazovatel’ Zdroj Rok Funkcia v analyze
Kritérium
Oxford Insights GAIRI 2025;
A Instlt.uc10nalna’AI priemer Kap(:icna Yerejnych pOl.ltlk, 2025 |institucionélne prostredic
pripravenost sprava a zavadzanie Al vo verejnom
sektore
B Rozvoj a diftizia Al Oxforq Ins?g’ht.s GAIRI 2025; pilier 2025 d¥fuzna.a rozvojova
Rozvoj a difuzia dimenzia
Digitélne absorpené | DL digitdlna dekada - cloudové digitalne absorptné
C £ okl drp sluzby, velké déta, digitalna intenzita | 2023 r§ tooklad P
PrEAportacy” IMsp, odbornici v IKT. precporiady
. Eurostat - isoc_eb_ai (% podnikov
Podniky . s . .
D yvuzivaitce Al nad 10 zamestnancov, pouzivajice 2025 |priama adopcia
yuzvay aspoi jednu Al technologiu)
— . ;
. Eurostat - isoc_eb_ai (% p(v)fim.krov 2021- |dynamika, nie hlavné
E Dynamika rastu Al |nad 10 zamestnancov, pouzivajiuce L 1
o . 2025 |agregované skore
aspoi jednu Al technologiu)
M MIC.I'OSO.f LAl Microsoft Al Economy Institute 2025 robus'Enostna kontrola, nie
Diffusion hlavny model

Zdroj: viastné spracovanie podla Oxford Insights, 2025; European Commission, 2025; Eurostat, 2026, Microsoft
Al Economy Institute, 2025)

Poznamka: Microsoft Al Diffusion nie je sucastou hlavného modelu; pouziva sa iba ako kontrola. Investi¢né,
vyskumné a talentové ukazovatele nie su zahrnuté do hlavného vypoctu, pretoze nezachytavaji priamo podnikovii
adopciu Al v EU27 alebo nemaju dostato¢ne harmonizované pokrytie pre ucely hlavného modelu.

3.3 Poradovo zaloZend vaZend linedrna agregdcia a hodnotenie dynamiky adopcie AI

Na agregované hodnotenie krajin bola pouzitda poradovo zaloZend véazena linearna
agregacia. Ide o postup vyuzivany pri konstrukcii kompozitnych indikatorov a rebrickov, v
ktorom sa pdvodné hodnoty jednotlivych ukazovatelov najprv transformuju na poradia a
nasledne sa tieto poradia agreguju pomocou vopred stanovenych vah vyznamnosti. Takyto
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pristup nadvédzuje na metodicku literatiru o kompozitnych indikatoroch, podla ktorej st
vazenie, agregacia a testovanie robustnosti vysledkov klIacovymi krokmi konStrukcie
suhrnnych hodnoteni (OECD — European Commission, Joint Research Centre, 2008; Greco et
al., 2019). Poradova transformacia znizuje citlivost’ vysledku na mierku pévodnych udajov a
umoznuje spojit’ analyzované ukazovatele do jedného transparentného porovnavacieho ramca.
Poradova transformécia bola zvolend vzhl'adom na rozdielnu mierku, zdrojovl heterogenitu a
koncepcnu odlisnost’ vstupnych ukazovatel'ov; jej cielom je porovnat’ relativnu poziciu krajin
v jednotnom ramci, nie merat’ absolitnu vzdialenost’ medzi nimi.

Pri kazdom kritériu sa krajinam priradilo poradie, pricom hodnota 1 oznacuje najlepSiu
poziciu. VSetky kritérid boli orientované ako benefitné, teda vyssSia povodna hodnota indikatora
znamena priaznivejsiu poziciu krajiny. Pri rovnosti hodndt bolo pouZzité priemerné poradie. V
hlavnom modeli A-B-C-D sa pracuje s uplnym poradovym porovnanim krajin EU27. Osobitné
metodické zaobchadzanie si vyzaduje iba robustnostny scenar S4, v ktorom je namiesto kritéria
B pouzity ukazovatel Microsoft Al Diffusion. Tento zdroj nepokryva Cyprus, Estonsko,
Lotyssko, Luxembursko a Maltu. Tymto krajindm bolo v scendri S4 konzervativne priradené
priemerné poradie 25, ktoré zodpoveda priemeru dolnej skupiny chybajtcich poradi 23 az 27.
Tento postup nezvysuje ich poziciu umelo a umoziuje zachovat’ porovnanie vsetkych krajin
EU27 v robustnostnom teste. Ked’ze ukazovatel' Microsoft Al Diffusion nepokryva vietky
krajiny EU27, scenar S4 ma charakter doplnkového robustnostného testu a jeho vysledky sa
interpretuju opatrnejSie nez vysledky scenarov S1 az S3.

Vysledné agregované skore krajiny je vypocitané ako:

k
Si = 2._1(erij) (1)
kde Si - agregované poradové skore krajiny i,

rij - poradie krajiny i v kritériu j,

wj -vaha kritéria j

k - pocet kritérii.

Ked’ze vahy su v jednotlivych scenaroch normalizované tak, Ze ich sucet je rovny 1,
vysledné agregované skére mozno interpretovat’ ako vazeny priemer poradi. Niz§ia hodnota
agregovaného skore znamena lepSiu vyslednu poziciu krajiny.

Vahové scendre nepredstavuju empiricky odhadnuté parametre, ale Strukturované
analytické predpoklady sluziace na overenie citlivosti vysledkov. Scenarovy pristup je v stlade
s literatirou o kompozitnych indikatoroch, ktord zdoraziuje potrebu testovat’, ¢i vysledné
poradie nie je neprimerane zavislé od jednej volby véh alebo agregacie (OECD — European
Commission, Joint Research Centre, 2008; Greco et al., 2019). Vaha kritéria D je v hlavnom
scendri zvysena, pretoze priama podnikova adopcia predstavuje jadro skiimaného javu, ale nie
je nastavena dominantne. Ziskany vysledok tak neznizuje adopény ekosystém na jediny
ukazovatel’ a zachovava vyznam institucionalnych, difuznych a digitdlnych predpokladov.
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Tabulka 3
Vahové scenare pouZité v analyze

Scenar Charakter sceniara Vahy Funkcia v analyze

hlavny adopc¢ne orientovany hlavné hodnotenie pozicie

S1 , A=0,20; B=0,20; C=0,25; D=0,35 .,

scenar krajin
S2 neutralny benchmark A=0,25; B=0,25; C=0,25; D=0,25 |kontrola pri rovnakych vahach
S3 kapacitny scenar A=0,35; B=0,25; C=0,30; D=0,10 | YY3%idoraznasysiémovéa

digitalne predpoklady
kontrola s Microsoft Al
Diffusion namiesto B

kontrola bez GAIRI
S5 scenar bez B A=0,2500; C=0,3125; D=0,4375 Development & Diffusion;
renormalizacia vah S1

S4 externy difuzny ukazovatel' | A=0,20; M=0,20; C=0,25; D=0,35

Zdroj: vlastné spracovanie

Scenar S1 je hlavnym analytickym scendrom, pretoze najvyssiu véhu prirad’uje priame;j
podnikovej adopcii Al. Scenar S2 sltzi ako neutralny benchmark pri rovnakych védhach. Scenar
S3 testuje citlivost’ vysledkov pri vy$Som doraze na inStituciondlne a digitalne predpoklady.
Scenar S4 nahradza kritérium B externym ukazovatelom Microsoft Al Diffusion. Scenar S5
sluzi ako kontrola bez rozvojovo-difuzneho kritéria B; po jeho vyluceni boli zostavajice vahy
hlavného scenara S1 renormalizované tak, aby ich sucet bol rovny 1. V kapitole vysledkov st
preto samostatne uvedené vysledky hlavného scenara S1 a ndsledne sthrnné vysledky
kontrolnych scendrov S2 az S5. Tento postup umoznuje oddelit’ hlavny analyticky vysledok od
robustnostnych kontrol.

Okrem statickej urovne adopcéného ekosystému bola vyhodnotend aj jeho dynamika.
Dynamika adopcie Al sa hodnoti samostatne prostrednictvom priemerného roéného tempa rastu
adopcie Al za obdobie 2021-2025. Ukazovatel’ E nie je zahrnuty do hlavného agregované¢ho
skore, pretoze uroven adopcie a tempo rastu predstavuji koncepcne odlisné veli¢iny. Vysoké
tempo rastu z nizkej vychodiskovej bazy nemusi znamenat’ skuto¢nu konvergenciu k lidrom,
preto sa tento ukazovatel’ pouziva iba ako interpretacny ukazovatel rastovej trajektorie krajiny.

4 Vysledky vyskumu

Vysledky uvedené v tejto kapitole su vlastnym vypoctom na zéklade metodiky opisanej v
kapitole 3. Vychodiskom st pdvodné hodnoty ukazovatel'ov Institucionalna Al pripravenost’
(A), Rozvoj a difuzia Al (B), Digitalne absorpcné predpoklady (C), Podniky vyuzivajiuce Al
(D) a Microsoft Al Diffusion (M), ich transformacia na poradia krajin EU27 a néasledna
agregacia podla vah scendrov S1 az S5. Hodnota agregovaného skore preto nepredstavuje
samostatne prevzaty externy index, ale vysledok vypoctu z ¢iastkovych poradi analyzovanych
indikatorov. NizSia hodnota agregované¢ho skore znamena lepSiu poziciu krajiny.

4.1 Vypocet a vysledky hlavného adopcne orientovaného scendra S1

Scenar S1 predstavuje hlavné adop¢ne orientované hodnotenie, pretoze najvyssiu vahu
prirad’uje priamej podnikovej adopcii Al, ale zaroveil zachovava vyznam institucionalnych,
rozvojovo-difuznych a digitdlnych absorpénych predpokladov. Vysledné skoére S1 je
vypocitané z poradi krajin v kritériach A, B, C a D pri vdhach uvedenych v kapitole 3. Pred
samotnou interpretaciou agregovaného poradia je potrebné vypocitat’ umiestnenie jednotlivych
krajin v kritériach, ktoré st odvodené z viacerych vstupnych faktorov (v tabulke 4 je uvedeny
priklad vypoctu pre Slovensko). Ide najmé o kritérium A, ktoré je vypocitané ako priemer troch
pilierov GAIRI, a kritérium C, ktoré predstavuje priemerné poradie v Styroch digitalnych
subindikatoroch.
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Tabul’ka 4
Vstupné a odvodené hodnoty agregovanych kritérii A a C pre Slovensko
Visledné Poradie /
Kritérium Ciastkové vstupy S hodnota v
skore za SR .
modeli
A - inStitucionalna  |Kapacita tvorby verejnych politik = 19,00; riadenie = _ .
Al pripravenost’ 72,50; adopcia vo verejnom sektore = 62,12. A=5121 27. miesto
Cloudové sluzby = 32 % (21. miesto); velké data =16
C - digitalne % (21. miesto); digitalna intenzita malych a strednych riemerné
absorpcné podnikov = 55 % (21,5. miesto); odbornici v oblasti C=21,25 (?r adic 21.25
predpoklady informacnych a komunikacnych technologii = 4,2 % P ’

(21,5. miesto).

Zdroj: viastné vypocty na zaklade(Oxford Insights, 2025; European Commission, 2025)

Poznamka: Kritérium A je aritmeticky priemer troch pilierov GAIRI. Kritérium C je aritmeticky priemer poradi v
Styroch digitalnych subindikatoroch; preto je vyjadrené ako priemerné poradie.

Tabul’ka 5
Vypocet iidajov hlavného adopcne orientovaného scenara S1
. A A B B C C D D S1 . 51 .
Krajina skore |poradie| skére |poradie |priemer|poradie| skore |poradie celk,ove celkov.e
skore |poradie
Dansko 90,59 3 58,91 7 3,88 4 42,03 1 3,32 1
Finsko 82,16 10 63,01 3 1,00 1 37,82 2 3,55 2
Holandsko 93,40 2 62,50 4 4,25 5 33,21 6 4,36 3
Svédsko 81,46 11 57,03 9 2,12 2 35,04 3 5,58 4
Nemecko 86,19 5 66,24 2 11,25 10 25,97 8 7,01 5
Luxembursko| 79,33 13 46,26 15 3,75 3 33,61 5 8,29 6
Estonsko 95,21 1 46,01 16 7,75 8 23,40 9 8,49 7
Belgicko 79,00 14 49,84 13 9,00 9 34,54 4 9,05 8
Franctizsko 88,23 4 68,20 1 12,12 12 18,16 15 9,28 9
Spanielsko 86,06 6 61,98 5 11,62 11 20,27 13 9,66 10
irsko 85,73 7 56,91 10 6,00 6 19,64 14 9,80 11
Rakusko 78,20 16 58,06 8 12,50 13,5 29,95 7 10,38 12
Litva 85,49 8 45,56 17 15,38 15 21,30 12 13,04 13
Malta 77,12 19 44,16 20 7,25 7 21,51 11 13,46 14
Slovinsko 77,65 17 45,52 18 17,50 17 21,61 10 14,88 15
Taliansko 75,17 22 61,38 6 17,88 18 16,40 18 16,37 16
Portugalsko | 77,64 18 52,86 12 12,50 13,5 11,54 21 16,48 17
Cesko 74,82 23 54,04 11 16,25 16 17,60 17 16,81 18
LotySsko 78,76 15 37,18 24 19,50 20 12,21 20 19,68 19
Mad’arsko 80,64 12 45,24 19 23,12 23 10,37 22 19,68 20
Pol'sko 85,28 9 47,18 14 25,00 25 8,36 26 19,95 21
Slovensko 51,21 27 31,39 26 21,25 21 18,00 16 21,51 22
Cyprus 76,94 20 36,07 25 18,50 19 9,27 23 21,67 23
Chorvatsko 58,94 26 29,92 27 21,88 22 15,19 19 22,72 24
Grécko 76,93 21 41,50 21 23,75 24 8,93 24 22,74 25
Bulharsko 66,97 25 39,78 22 26,00 26 8,55 25 24,65 26
Rumunsko 70,46 24 38,06 23 27,00 27 5,21 27 25,60 27

Zdroj: viastné vypocty na zaklade Oxford Insights, 2025; European Commission, 2025; Eurostat, 2026)

Poznamka: A je aritmeticky priemer vybranych pilierov GAIRI; B je hodnota piliera GAIRI Development &
Diffusion; C je priemerné poradie Styroch digitalnych subindikatorov; D je podiel podnikov vyuzivajicich Al v
roku 2025. Pri A, B a D vys$ia pdvodna hodnota znamena lepSiu poziciu; pri C a S1 nizSia hodnota znamena lepsiu
poziciu.

98



Ekonomika a manazment, Vedecky ¢asopis Fakulty podnikového manazmentu Ekonomickej univerzity v Bratislave
rocnik XXIII., ¢islo 2, rok 2026, ISSN 2454-1028

Vysledky ukazuju, Ze najslabSou dimenziou Slovenska je inStituciondlna pripravenost.
Kritérium A dosahuje hodnotu 51,21, &o Slovensko zarad’uje na 27. miesto v EU27. Slabé je aj
postavenie v digitadlnych absorpénych predpokladoch. Vsetky $tyri subindikétory kritéria C sa
pohybuju priblizne okolo 21. miesta, ¢o vedie k priemernému poradiu C = 21,25. Slovensko
preto nevstupuje do hlavného scenara S1 len ako krajina so strednou priamou adopciou Al, ale
zaroven ako krajina so slabSim systémovym a digitalnym zdzemim.

Vysledky hlavného adopéného scenara S1 v Tabulke 5 ukazujt, Ze vedice krajiny maja
spravidla vyvazenejsi profil naprie¢ viacerymi dimenziami. Slovensko sa nachadza za Pol'skom
a pred Cyprom, Chorvatskom, Gréckom, Bulharskom a Rumunskom. Jeho umiestnenie
podporuje interpretaciu, ze slovenskéd pozicia nie je dana iba tirovilou priamej adopcie, ale
najmi slabs$im systémovym a absorpénym zazemim.

Regionalne porovnanie ukazuje, Ze Slovensko zaostava za vSetkymi susediacimi krajinami.
Rakusko dosahuje v scenari S1 skore 10,38 a 12. miesto, Cesko skore 16,81 a 18. miesto,
Madarsko skore 19,68 a 20. miesto a Pol'sko skoére 19,95 a 21. miesto. Slovensko dosahuje
skore 21,51 a 22. miesto. Najvicsi odstup mé teda voci Rakusku, zatial' ¢o najblizSie je
Slovensko k Pol'sku a Mad’arsku. Regionalna pozicia podporuje zaver, Ze problém Slovenska
nespociva iba v nizSej priamej adopcii, ale najma v slabSom systémovom ukotveni Al. V
porovnani s Raktiskom a Ceskom ma Slovensko menej priaznivé intitucionalne a rozvojovo-
diftzne predpoklady. V porovnani s Mad’arskom a Pol'skom je rozdiel mensi, ale Slovensko
zostava aj v tomto uzSom regionalnom ramci.

4.2 Kontrolné scendre S2 ai S5 a stabilita vysledkov

Scenare S2 az S5 sluzia na overenie, €i pozicia Slovenska zavisi od konkrétneho vahového
nastavenia hlavného scenara S1. Vysledky tychto scendrov nevychadzaju z novych externych
zdrojov, ale z vstupnych ukazovatel'ov, ktoré¢ boli definované v kapitole 3. V scenaroch S2 a
S3 sa pouzivaju poradia krajin v kritéridch A, B, C a D, pricom sa meni iba vahova Struktara.
Scenar S4 nahradza kritérium B externym difiznym ukazovatelom Microsoft Al Diffusion,
zatial' Co kritéria A, C a D zostavajii zachované. V scenari S5 je vylucené kritérium B a
zostavajuce vahy hlavného scenara S1 sa renormalizuji na A =0,2500; C=0,3125; D=0,4375.

Vysledky kontrolnych scenarov v tabulke 6 potvrdzuju stabilitu hlavného zistenia.
Slovensko sa ani v jednom kontrolnom scenari nepostiva medzi vedice adopéné ekonomiky
EU. V neutralnom benchmarku S2 a v kapacitnom scenari S3 sa nachadza na 24. mieste. V
scendri S4 zostdva na 22. mieste a v scenari S5, v ktorom je vylucené rozvojovo-difuzne
kritérium B, sa postiva na 21. miesto. Porovnanie s ostatnymi krajinami ukazuje, Ze slovenska
pozicia je citlivd najmi na zahrnutie systémovych a difuznych predpokladov, ale zdkladny
zaver zostava stabilny: Slovensko patri medzi dobiehajuce krajiny s relativne lepSou priamou
adopciou nez systémovym ukotvenim Al.
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Tabul’ka 6
Vysledky kontrolnych scenarov S2 az S5
Krajina S2 skore (S2 poradie| S3 skére |S3 poradie| S4 skore |S4 poradie| S5 skore (S5 poradie
Dansko 3,72 1 4,06 2 3,72 1 2,40 1
Finsko 4,00 2 4,75 3 5,75 4 3,69 2
Holandsko 4,06 3 3,57 1 4,36 2 4,45 3
Svédsko 6,28 4 7,04 6 4,98 3 4,73 4
Nemecko 6,56 5 6,42 4 8,61 7 8,27 8
Luxembursko 9,19 9 9,93 10 10,29 11 6,61 5
Estonsko 8,44 7 7,57 7 10,29 11 6,61 5
Belgicko 10,00 11 11,25 11 7,45 5 8,06 7
Francuzsko 8,03 6 6,79 5 9,48 9 11,35 12
Spanielsko 8,91 8 8,14 8 9,26 8 10,82 10
frsko 9,25 10 8,15 9 8,00 6 9,75 9
Rakusko 10,88 12 12,05 12 10,18 10 10,97 11
Litva 13,09 13 12,86 13 13,64 13 12,05 14
Malta 14,31 14 14,92 14 14,46 14 11,83 13
Slovinsko 15,62 15 16,70 17 14,48 15 14,09 15
Taliansko 15,97 17 16,36 16 17,77 19 18,96 19
Portugalsko 15,88 16 15,15 15 17,48 17 17,59 16
Cesko 16,81 18 17,38 19 17,01 16 18,27 17
Lotyssko 19,62 21 19,10 21 19,88 21 18,59 18
Mad’arsko 19,03 20 18,09 20 17,48 18 19,85 20
Pol'sko 18,50 19 16,75 18 19,35 20 21,44 23
Slovensko 22,56 24 23,93 24 19,91 22 20,39 21
Cyprus 21,62 22 21,10 22 21,67 24 20,84 22
Chorvatsko 23,47 25 24,31 25 21,12 23 21,65 24
Grécko 22,44 23 22,12 23 22,74 25 23,17 25
Bulharsko 24,50 26 24,55 26 23,25 26 25,31 26
Rumunsko 25,25 27 24,95 27 25,40 27 26,25 27

Zdroj: vlastné vypocty Oxford Insights, 2025; European Commission, 2025; Eurostat, 2026, Microsoft Al
Economy Institute, 2025)

Poznamka: S2 = neutralny benchmark; S3 = kapacitny scenar; S4 = scenar s Microsoft Al Diffusion namiesto
kritéria B; S5 = scenar bez kritéria B s renormalizovanymi vahami hlavného scenara S1. Nizsia hodnota poradia
znamena lepsiu poziciu krajiny.

Tabul’ka 7
Spearmanova korelacia poradi kontrolnych scenarov voci hlavnému scenaru S1
Porovnavané scenire Spearmanovo p vo¢i S1 Interpretacia
S1-S2 0,984 vel'mi vysoka stabilita poradia
S1-S3 0,972 vel'mi vysoka stabilita poradia
S1-S4 0,961 vysoka stabilita aj pri pouziti Microsoft Al Diffusion
S1-S5 0,986 vel'mi vysoka stabilita po vyluceni kritéria B

Zdroj: viastné vypocty

Poznamka: Spearmanovo p porovnava poradie vSetkych 27 krajin vo¢i hlavnému scenaru S1.

Vysoké hodnoty Spearmanovej koreldcie potvrdzuju, ze zéver o pozicii Slovenska je
stabilny nielen z pohl'adu jeho umiestnenia, ale aj z pohl'adu celkovej Struktary poradia krajin
EU27.
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4.3 Dynamika adopcie Al a typologicka interpretdacia krajin

Okrem statickej pozicie v hlavnom scenari S1 bola vyhodnotend aj dynamika adopcie Al
Vzt'ah vyvoja adopcie v ¢ase a jeho statickej pozicie v ramci krajin EU je zachyteny v obrazku
1. Tento obrazok bol zostaveny na zéklade dvoch premennych: agregovaného skore S1 a
priemerného rocného tempa rastu adopcie Al v obdobi 2021-2025. Deliace linie predstavuji
mediany oboch premennych. Takto vytvorend matica umoziuje odliSit’ krajiny s priaznivou
statickou poziciou, krajiny s vyS$Sou dynamikou rastu a krajiny, ktoré zostavaju v slabsej
statickej aj dynamickej pozicii. V pripade Slovenska vzrastol podiel podnikov vyuzivajicich
Alz5,19 % v roku 2021 na 18,00 % v roku 2025. Ide o absolutnu zmenu 12,81 percentualneho
bodu a priemerné ro¢né tempo rastu 36,5 %.

Obrazok 1 ukazuje, ze Slovensko sa nachddza v kvadrante rychlych dobiehatelov, teda
medzi krajinami s horSou statickou poziciou, ale vysSou dynamikou rastu adopcie Al. Tato
poloha je priaznivejSia nez zaradenie medzi stagnujucich nasledovnikov, ale neznamena
automaticku konvergenciu k vediicim krajindm. Ked’ze rast vychadza z nizkej vychodiskove;j
bazy, Slovensko treba interpretovat’ ako rychlo dobiehajicu, ale systémovo obmedzenu
adop¢ntl ekonomiku.

Obrazok 1 ’
Matica statickej urovne a dynamiky adopcie Al v krajinach EU27
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Zdroj: vlastné spracovanie na zdklade agregovaného skore S1 a priemerného tempa rastu adopcie Al za obdobie
2021-2025.

Poznamka: Deliace hodnoty st mediany agregovaného skore S1 = 13,46 a priemerného tempa rastu adopcie =
28,45.

Na zéklade vysledkov realizovanych analyz mozno odpovedat’ na polozené vyskumné
otazky. Po prvé, Slovensko dosahuje v hlavnom adopéne orientovanom scenari S1 22. miesto
v EU27. Po druhé, jeho pozicia je stabilna, pretoZe v scendroch S1 aZ S5 sa pohybuje iba medzi
21. a 24. miestom a vysoké hodnoty Spearmanovej korelacie potvrdzuju stabilitu celého poradia
krajin. Po tretie, dynamika rastu adopcie umoziuje interpretovat’ Slovensko ako rychleho
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dobiehatela. Dovodom nezaradenia krajiny medzi vediice adopéné ekonomiky EU, su
predovsetkym slabsie inStituciondlne, rozvojovo-difuzne a digitadlne absorpcné predpoklady.

5 Diskusia

Hlavnym zistenim predchadzajicej kapitoly je rozdiel medzi rastom priameho pouZzivania
Al a slabsim systémovym ukotvenim jej adopcie. Slovensko preto nemozno interpretovat’ ako
stabiln¢ho lidra, ale ani ako stagnujiceho nasledovnika, jeho pozicia zodpoveda rychlo
dobichajucej ekonomike s obmedzenymi systémovymi predpokladmi. V nadvéznosti na
literaturu o technologickom dobiehani, ktord zdoraziuje vyznam socidlnych, inStitucionalnych,
technologickych a inovaénych kapacit pre udrzateI'ni konvergenciu (Fagerberg & Godinho,
2005), ako aj na literaturu o absorp¢nej kapacite a pripravenosti na adopciu Al (Cohen &
Levinthal, 1990) vysledky c¢lanku ukazuja, Ze rast priameho pouzivania Al nemusi byt
sprevadzany rovnako intenzivnym rozvojom systémovych predpokladov. Pripad Slovenska
preto rozsiruje diskusiu o technologickom dobiehani o situaciu, v ktorej aplika¢né dobiehanie
prebieha rychlejSie nez budovanie institucionalnych, difuznych a digitdlnych absorpénych
kapacit. Zaroven je potrebné upozornit’ na skutocnost, Ze vysoka dynamika adopcie z nizkeho
zakladu nemusi nutne znamenat’ kvalitativnu konvergenciu k liderskym ekonomikam.

Zistenia su v stulade s ramcom TOE, podla ktoré¢ho adopcia technologii nezavisi iba od
dostupnosti samotnej technoldgie, ale aj od organiza¢nych a environmentalnych podmienok jej
vyuzitia (Tornatzky & Fleischer, 1990; Johnk et al., 2021). Slovensko dosahuje priaznivejSie
postavenie v priamej adopcii nez v instituciondlnych a difiznych podmienkach. To naznacuje,
ze samotné pouzivanie Al ndstrojov nie je sprevadzané rovnako silnym systémovym a
institucionalnym ukotvenim. Vysledky zaroven podporuju literatiru o absorpcnej kapacite.
Slabsie postavenie Slovenska v digitadlnych absorpénych predpokladoch naznacuje, Ze
schopnost’ podnikov vyuzivat Al zéavisi od predchadzajtcej digitdlnej vybavenosti, prace s
datami, dostupnosti IKT Specialistov a trovne digitdlnej intenzity podnikov (Cohen &
Levinthal, 1990; Zahra & George, 2002). Al adopcia tak moze rast’ aj pri slabSom systémovom
zazemi, ale bez posilnenia absorpcnej kapacity moze zostat’ povrchova, fragmentovana alebo
obmedzena na jednoduché aplikacné vyuzitie. Z pohl'adu literattry o technologickom dobiehani
¢lanok ukazuje rozdiel medzi rychlostou rastu a kvalitou konvergencie. Vysoka dynamika
adopcie Al na Slovensku naznaCuje dobichanie, ale nizka vychodiskovd baza a slabsie
systémové predpoklady ukazuji, ze nejde automaticky o prechod medzi vedice adopcné
ekonomiky (Fagerberg & Godinho, 2005; Fagerberg & Srholec, 2008). Prinos ¢lanku voci
existujucej literatire spociva v tom, Ze ukazuje rozdiel medzi rastom priamej adopcie Al a
Strukturalnou pripravenostou na jej produktivne zakorenenie v podnikovej praxi.

Politické a manazérske implikacie vyplyvaji najmé z rozdielu medzi priamou adopciou a
systémovymi predpokladmi. Ked'ze Slovensko dosahuje priaznivejSie poradie v priame;j
adopcii nez v inStituciondlnej a rozvojovo-difiznej dimenzii, verejna politika by sa nemala
sustredit’ iba na podporu nakupu alebo pouZzivania Al ndstrojov. DoélezitejSie je posiliiovat
podmienky ich produktivneho $kalovania, ako je: datova pripravenost’, dostupnost’ odbornych
sluzieb pre MSP, testovacie prostredia, sprostredkovatel'ské institucie, cloudovl infraStruktaru
a IKT zrucnosti. Z manazérskeho hl'adiska zistenia naznacuju, ze Al adopcia si vyzaduje datovu
stratégiu, interné kompetencie, procesnu integraciu, riadenie rizik a meranie prinosov, nie iba
izolované zavéadzanie softvérovych néstrojov. Vysledky preto ukazuju, ze Slovensko nemozno
interpretovat’ ani ako stabilného lidra, ale ani ako stagnujuceho nasledovnika. Jeho pozicia
lepsie zodpoveda rychlo dobiehajticej ekonomike so slabsim systémovym ukotvenim Al.

Vzhl'adom na obmedzenu dostupnost’ dat ma ¢lanok niekol’ko limitov. Po prvé, kombinuje
zdroje s rozdielnymi referenénymi rokmi, preto vysledné poradie predstavuje kompozitni
prierezova aproximaciu. Limitujuca je tiez skutoCnost, Ze dve hlavné kritéria, A a B,
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vychadzaju z rovnakého zdroja GAIRI 2025. Rozdelenie celkového GAIRI skore na uzsi
inStituciondlny subindex zamerany na verejnu spravu a samostatny pilier Rozvoj a difizia
znizuje riziko vecného prekryvania, ale zaroven ponechdva Cast modelu zavislu od jednej
metodiky. Robustnostné scenare S4 a S5 preto sluzia aj ako kontrola tejto zdrojovej zavislosti.

Doélezité je tiez upozornit, ze Microsoft Al Diffusion nie je sti€astou hlavného modelu,
pretoze nepokryva vietky krajiny EU27, ale pouziva sa iba ako robustnostna kontrola.
Vzhl'adom na netiplné pokrytie tohto zdroja treba vysledky scendra S4 interpretovat’ opatrnejsie
nez vysledky scendrov S1 az S3. Vysledné poradie preto nemozno chépat’ ako celkové poradie
narodnej Al kapacity, ale ako poradie vybranych meratelnych podmienok a prejavov
podnikovej adopcie AI. Dalim limitom je skutoénost, Ze véhy priradené jednotlivym
ukazovatel'om su analytické scenare, nie empiricky odhadnuté parametre. Poradova agregacia
zaroven straca informaciu o velkosti rozdielov medzi krajinami. Vysledky st preto
interpretované ako transparentné porovnavacie poradie, nie ako presné meranie vzdialenosti
medzi krajinami. Budtci vyskum by mal tato ¢ast’ modelu overit’ s alternativnymi zdrojmi pre
institucionalnu a difiznu dimenziu Al a doplnit’ sektorové a velkostné analyzy podnikove;j
adopcie Al

6 Zaver

Podl'a ziskanych vysledkov sa Slovensko, v hlavnom adop¢ne orientovanom scenari S1,
nachadza na 22. mieste v EU27. Vysledok vychadza z kombinacie priamej podnikovej adopcie
Al, inStituciondlneho prostredia, rozvojovo-difiznej dimenzie a digitdlnych absorpénych
predpokladov. Slovensko dosahuje priaznivejSie postavenie v priamej adopcii nez v
systémovych podmienkach, ¢o podporuje zaver o slabSom ukotveni Al v SirSom adopnom
ekosystéme. Stabilitu hlavného zistenia podporuju aj kontrolné scenare S2 az S5. Pozicia
Slovenska sa pri alternativnych vahach, pouZiti externé¢ho difizneho ukazovatel'a Microsoft Al
Diffusion aj pri vyluceni kritéria B pohybuje medzi 21. a 24. miestom. Slovensko preto
nemozno zaradit’ medzi lidrov podnikovej adopcie Al, hoci zaroveni nejde o krajinu bez rastovej
dynamiky.

Dynamické analyza ukazuje relativne vysoké tempo rastu adopcie Al, ktoré vSak vychadza
z nizkej vychodiskovej hodnoty a neznamend automaticku konvergenciu k europskym lidrom.
Slovensko dokonca zaostava aj za najbliz§imi susedmi. Zavery ¢lanku sa vSak nevzt'ahuji na
celkovu narodnu Al kapacitu Slovenska, ale na podmienky a prejavy podnikovej adopcie Al
merané dostupnymi indik4tormi.

Poznamka o rieSenom projekte

Této praca bola podporend Eurdpskou tiniou — NextGenerationEU prostrednictvom Planu
obnovy a odolnosti pre Slovensko v ramci projektu ¢. 09105-03-V02-00003/2025/VA (Al-
impactSK); 100% podiel.
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SOCIALLY RESPONSIBLE SLOW FOOD TOURISM IN THE DANUBE REGION

The main objective of the SReST project is to promote “slow food” tourism in the
Danube region and enhance the employability of vulnerable groups by providing
solutions that enable the valorisation of agrobiodiversity and gastronomic heritage and
a fair distribution of generated benefits, including the well-being of the host
communities.

By focusing on agro-biodiversity, food heritage and local identity, the goal is to broaden
the socially responsible sustainable tourism offer and promote "slow food" tourism based
on the exploration of gastronomic traditions and the local communities that preserve
them. The project will help enhance local agricultural high-value chains while appreciating
natural and cultural diversity of partner regions.

SReST will develop joint solutions to enhance socio-economic development and promote
alternative models and competitive new tourism products of “slow food” itineraries
grounded in agrobiodiversity and food heritage, tested in different territorial contexts of
pilot regions. These solutions will not be limited to the local level, but will have a wider
impact in the Danube area. Therefore, the success of the project will be based on close
cooperation between partners from different countries and regions. You can learn more
about the project partners here.
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Project overview

Circular design and development of Sustainable products in 4 key sectors in Central
Europe

The ongoing transition to a circular economy is not only a tedious obligation for the manufacturing industry. It also offers an opportunity to
develop innovative sustainable products. The CURIOST project helps small- and medium-sized companies in sectors like mechanics, packaging,
plastics, and construction to harvest the potential benefits. They help selected companies to co-develop tailor-made, innovative, sustainable and
circular product prototypes. The learnings are then aggregated into a universal strategy and action plans to accelerate the green transition in the
manufacturing industry.

1,90.

Project Budget 1 O 1
8 O Regions Pilots
(]

he Budget is funded
by ERDF

7 11

Countries Partners



Interreg

Project partners

Lead partner
Primorje-Gorski Kotar County

Administrative Department for Regional
Development, Infrastructure and Project
Management

Address
Adamiceva 10
51000 Rijeka
Country
Croatia (HR)
Web
www.pgz.hr

Apply Implement Library Contacts

interres [l S

Q

Duration

sunane 06,2024
casne 05,2027

Project partner

Alma Mater Studiorum - University of Bologna

Technical University limenau

bwcon

Chamber of Commerce and Industry of Slovenia

Pannon Business Network Association

University of Economics in Bratislava

Regional Development Agency in Bielsko-Biata

City Lucenec

Project partnership

YRS S0 D e | Em
N - Project partner
oL Vool University of
> Economics in
Bratislava

Faculty of Business
Management

Address
Dolnozemska cesta 1/8
85235 Bratislava

o . Count

oy i -l Slovakia (SK)

Web

fpm.euba.sk

agyirorsisy /

Total partner budget
286 428,83 €

Project overview

Enhancement of capacities of SMEs, public authorities and academia for digitalisation,
digital era-fit management and achievement of digital well-being.

The digital transformation offers new opportunities for companies but also increases complexity. Especially employees over 55 can suffer from
digital stress or burnout at the workplace. The Digi-B-Well project helps companies to transform and make employees fit for the digital age. The
partners upskill competences of managers, public authorities, and academia to better prevent digital stress and burnout. They develop and test
new tools to self-assess digital maturity an: gital transformation models in companies. In addition, a digitalisation strategy and action plans
ensure the uptake of their innovative solutions into broader policy and business practices.

2 ’] 9 me€
Project Budget 9 -I
80 Regions Pilots

7 9

Countries Partners



Personalized Approach to
Territorial Life and Career
Support

Your path begins where you are. Let us help you walk it with purpose.

Explore the Project

L~

Our Solution

PATHS introduces the Life Path Support Service (LPSS) model - a new approach to career

guidance that is local, inclusive, and tailored to the individual.
Instead of one-size-fits-all programs, LPSS offers:

Free, accessible services in small municipalities

Career workshops, camps, and internships rooted in self-awareness
Trained local mentors who provide personal guidance and support
A long-term strategy for sustainable regional development

This model is being piloted in communities across Hungary, Slovakia, Czech Republic, Romania,
Croatia, and Bosnia & Herzegovina - with expert support from Austria and Slovenia.

Project overview
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PERSIST

What did this project achieve?

This project will:

.

Strengthen regions’ ability to deliver smart specialisation in a sustainable way.
Develop and test new methods to move from the Entrepreneurial Discovery Process to
the Ongoing Discovery Process.

Improve cooperation between authorities, businesses and researchers.

Enable inclusive decisions and make better use of regional resources.

Boost innovation capacity and strengthen regional competitiveness.

Create stronger ecosystems and new opportunities that benefit both the economy and
society.

A few numbers

=G RS

1,793,584 € 01 May 2025- 12 partners
budget 31 )Jul 2029

Project summary

Across Europe, regions face similar challenges. How can we build innovation systems that
endure - systems that meet today’s needs while paving the way for a sustainable future,
economically, socially, and environmentally?

This project helps regional authorities and agencies strengthen long-term cooperation
around smart specialisation.

Through practical frameworks and tools, it supports regions in creating strong, inclusive
networks with lasting commitment from key actors.

The project builds on engagement through the Entrepreneurial Discovery Process and
other participatory methods. This ensures that collaboration is rooted in real regional
needs and ambitions.

Who we are

Persist brings together nine partners from across Europe - regions, universities, and
development agencies working together for smarter, more sustainable regional growth.

e Region Jonkdping County (Sweden)

¢ Podkarpackie Region (Poland)

¢ Regional Development Agency of Khmelnytskyi oblast (Ukraine)
¢ University of Economics in Bratislava (Slovakia)

o Usti Region (Czech Republic)

e Regional Management Northern Hessen (Germany)

e University of Groningen (Netherlands)

e Business Innovation Center of Cartagena (Spain)

e Udhétim i Liré (Albania)

Together, we share knowledge, test new ideas, and build long-term cooperation to strengthen
smart specialisation across Europe.
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Project summary

Youth involvement is essential in all policy areas that affect their lives, as highlighted in the
EU Youth Strategy 2019-2027. The project aims to develop mechanisms and instruments
tailored to young people’s needs, supporting the strengthening of their voice in decision-
making, promoting effective use of resources, and fostering cross-sector collaboration.

The project’s innovative character stems both from its topic and the partnership
structure. The topic is highly relevant, as the gap between urban strategies and youth
interests remains visible in the targeted regions. The partnership unites territories with
contrasting demographic realities: some face low birth rates and an ageing population,
while others stand out for having a large youth population, which is uncommon in many
European areas.

The overall objective is to improve policies that enable active youth participation in
community life and decision-making processes. The project seeks to create an environment
where young people feel valued, empowered, and motivated to contribute to societal
progress and development.

This objective will be achieved by:

e Removing barriers and administrative blockages that prevent young people from
feeling appreciated;

e Encouraging them to remain in or return to their birthplaces and engage actively in
their communities;

e Engaging key stakeholders (public institutions, NGOs, education, and private sector);

* Transferring knowledge and good practices from advanced regions to those with fewer
youth-oriented solutions;

¢ Developing tools and mechanisms based on the gathered experiences;
e Promoting social inclusion, with a focus on young emigrants and the youth diaspora.

The project will be implemented within the framework of territorial cooperation among
partner regions, through the exchange of good practices and experiences on youth
participation.
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