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The rapid proliferation of artificial intelligence services has raised critical questions about whether new 

forms of digital inequality are emerging. This study examines demographic disparities in AI service 

adoption, focusing on gender, age, and education as key predictors of the digital divide in the AI era. 

Analyzing data from a nationally representative survey of South Korean adults (N = 4,360), we tested 

hypotheses regarding main and interaction effects of demographic variables on AI service usage 

frequency and usage intention. Results revealed minimal gender gaps but substantial age and education 

divides. Age emerged as the strongest predictor, with seniors exhibiting significantly lower adoption 

rates. Notably, education moderated age effects differently for behavioral versus attitudinal outcomes, 

revealing complex mechanisms underlying demographic inequalities in AI service adoption.
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1. Introduction

The rapid proliferation of artificial intelligence (AI) technologies has 

fundamentally transformed the digital landscape, creating new opportunities 

for enhanced productivity, personalized services, and intelligent automation 

across virtually all domains of contemporary life (Dwivedi et al., 2021). From 

voice-activated virtual assistants that manage daily schedules to sophisticated 

recommendation algorithms that curate media consumption, AI services have 

become deeply embedded in the fabric of modern society.

However, the integration of AI services into everyday life has not proceeded 

uniformly across all segments of society. Merely identifying AI as the 

technological substrate of user interactions can serve as a cue that triggers a 

variety of perceptions, assumptions, and concerns based on users’ prior 

experiences, demographic characteristics, and social positions (Sundar, 2020). 

Just as earlier waves of digital technologies—personal computers, the 

Internet, smartphones—generated persistent digital divides that stratified 

populations according to access, skills, and usage patterns (van Dijk, 2005), 

the emergence of AI services raises critical questions about whether new 

forms of technological inequality are taking shape. If certain demographic 

groups systematically adopt AI services at lower rates than others, these 

disparities may compound existing social inequalities and create new 

mechanisms of exclusion from the economic, civic, and social opportunities 

that AI technologies increasingly mediate (Luttrell et al., 2020).

Understanding patterns of AI service adoption across demographic categories 

is therefore not merely an intellectual exercise but a matter of significant 

social and policy concern. As Tichenor, Donohue, and Olien (1970) theorized in 

their seminal knowledge gap hypothesis, the introduction of new information 

technologies into a social system often widens rather than narrows pre- 

existing gaps between socioeconomically advantaged and disadvantaged groups. 
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If this pattern holds for AI services, the AI revolution may paradoxically 

exacerbate rather than ameliorate digital inequalities, creating a new 

generation of technological “have-nots” who lack access to the productivity 

enhancements, personalized services, and intelligent support that AI offers.

Despite the critical importance of understanding demographic disparities in 

AI service adoption, empirical research on this topic remains limited. Most 

existing research on AI has focused on technical dimensions—algorithmic 

fairness, model accuracy, system architecture—or has examined expert and 

professional users in organizational contexts (Arrieta et al., 2020). Relatively 

few studies have systematically investigated how ordinary citizens across 

diverse demographic categories perceive, evaluate, and adopt consumer-facing 

AI services in their everyday lives. The research that does exist has produced 

mixed and sometimes contradictory findings regarding whether traditional 

predictors of digital divides—such as age, gender, and education—operate 

similarly for AI technologies as they have for earlier technologies (Gkinko & 

Elbanna, 2023).

This study addresses this gap by providing a comprehensive empirical 

examination of demographic disparities in AI service adoption, focusing specifically 

on gender, age, and education as key predictors of the digital divide in the 

AI era. Specifically, we investigate the extent to which traditional 

demographic predictors of digital divides shape patterns of AI service 

adoption, examine whether these demographic factors operate as independent 

main effects or interact in complex ways that produce compounded 

disadvantages for certain intersectional groups, and assess whether 

demographic disparities manifest similarly across behavioral and attitudinal 

dimensions of adoption.
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2. Digital Divide and AI Service Adoption

Early research characterized the digital divide as a binary gap between 

those with and without access to computers and the Internet (van Dijk, 2005). 

However, contemporary research recognizes that digital inequalities persist 

and manifest in more nuanced forms even in technologically advanced 

societies with near-universal Internet access (van Deursen & van Dijk, 2019). 

The digital divide has shifted from inequalities in physical access—what van 

Deursen and van Dijk (2019) term the “first-level digital divide”—to 

inequalities in material access, skills, usage patterns, and tangible outcomes 

derived from technology use, collectively known as the “second-level” and 

“third-level” digital divides.

In the context of artificial intelligence services, these multi-level divides 

take on renewed significance. AI technologies represent a qualitatively 

different technological paradigm compared to earlier information and 

communication technologies. Unlike passive information consumption 

technologies, AI services involve complex algorithmic systems that adapt to 

user behavior, make autonomous decisions, and often require sophisticated 

understanding of their capabilities and limitations (Luttrell et al., 2020). The 

adoption of AI services thus presents a critical context for examining whether 

traditional demographic predictors of digital inequalities continue to operate, 

and if so, through what mechanisms.

1) Gender and Technology Adoption

The role of gender in technology adoption has been extensively debated in 

information systems and communication research. Early Technology Acceptance 

Model (TAM) research largely overlooked gender as a moderating variable, 



Disparities in Artificial Intelligence Service Adoption ＼ 179

focusing instead on comprehensive predictors of technology adoption such as 

perceived usefulness and perceived ease of use (Davis, 1989). However, 

subsequent research has revealed that gender plays a complex and 

context-dependent role in shaping technology adoption patterns (Venkatesh & 

Morris, 2000).

From a psychological perspective, gender schema theory suggests that 

women and men may process information differently and hold different 

self-perceptions regarding their technological competence (Bem, 1981). 

Research in social psychology has documented that women tend to report 

lower self-efficacy regarding technology use, even when their actual 

performance is equivalent to men’s (Hargittai & Shafer, 2006). This self- 

efficacy gap may stem from socialization processes, gender stereotypes about 

technology as a masculine domain, and differential exposure to technology in 

educational and occupational contexts.

2) Gender and AI Service Adoption

The role of gender in technology adoption has been extensively debated in 

information systems research. Gender schema theory suggests that women and 

men hold different self-perceptions regarding their technological competence, 

with women reporting lower technology self-efficacy despite equivalent actual 

performance (Bem, 1981; Hargittai & Shafer, 2006). This self-efficacy gap 

stems from socialization processes and gender stereotypes that position 

technology as a masculine domain.

However, AI services may exhibit different gender dynamics than earlier 

technologies. Contemporary AI services are embedded in everyday consumer 

applications—voice assistants, recommendation systems, smart home devices—
designed for broad accessibility rather than technical expertise 

(Peláez-Sánchez et al., 2023). This user-friendly design may reduce gendered 
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associations between technology and masculine identity. Conversely, women 

may remain more cautious about AI service adoption due to concerns about 

privacy, algorithmic bias, and loss of human agency.

Given these competing considerations, we hypothesize:

H1: Females will exhibit lower AI service adoption than males, as evidenced 

by (a) lower usage frequency and (b) lower usage intention.

3) Age and Technology Adoption

Age has emerged as one of the most robust and persistent predictors of 

digital inequalities across multiple technological generations. The age-related 

digital divide reflects a complex interplay of cohort effects, life-course 

changes, and age-related cognitive and physical changes (Charness & Boot, 

2022). Understanding age effects requires distinguishing between these 

distinct mechanisms.

Cohort effects refer to differences in technology exposure and socialization 

across generational groups. Individuals who grew up in the digital age—often 

termed “digital natives”—have fundamentally different relationships with 

technology compared to those who encountered digital technologies later in 

life (Prensky, 2001). Digital natives have been immersed in digital 

environments from childhood, developing intuitive comfort with technology 

through continuous exposure. In contrast, older adults who first encountered 

the Internet in middle age or later must engage in deliberate learning to 

acquire digital skills, a process that can be cognitively demanding and 

anxiety-provoking (Niehaves & Plattfaut, 2014).

Age-related changes in cognitive and physical functioning may also 

contribute to digital divides. Research in cognitive aging has documented 

declines in processing speed, working memory capacity, and fluid intelligence 
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with advancing age (Charness & Boot, 2022). These cognitive changes can 

make it more challenging for older adults to learn complex new interfaces, 

navigate multistep procedures, and troubleshoot technical problems.

4) Age and AI Service Adoption

Age has emerged as one of the most robust predictors of digital 

inequalities. The age-related digital divide reflects cohort effects (differential 

technology exposure across generations), life-course changes (shifting 

priorities and social roles), and age-related cognitive declines in processing 

speed and working memory (Charness & Boot, 2022). Digital natives who grew 

up with technology possess intuitive comfort, while older adults who 

encountered digital technologies later in life must engage in deliberate 

learning—a cognitively demanding and anxiety-provoking process (Niehaves & 

Plattfaut, 2014).

AI services present particularly acute challenges for older adults due to 

their complexity, opacity, and rapid evolution. Unlike stable technologies such 

as email, AI services feature frequent updates and algorithmic behaviors that 

may seem unpredictable to users unfamiliar with machine learning principles 

(Luttrell et al., 2020). The “black box” nature of AI systems may exacerbate 

technology anxiety, as older adults prefer transparent, predictable 

technologies over adaptive systems that change behavior unpredictably (Fisk 

et al., 2020).

Based on substantial theoretical and empirical support for age-related 

digital divides, we hypothesize:

H2: Age will be negatively associated with AI service adoption, such that 

older adults will exhibit (a) lower usage frequency and (b) lower usage 

intention compared to younger adults.
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5) Education and Technology Adoption

The knowledge gap hypothesis, formulated by Tichenor, Donohue, and Olien 

(1970), provides a initial theoretical framework for understanding 

education-based disparities in technology adoption. The hypothesis posits that 

as new information is introduced into a social system, individuals with higher 

socioeconomic status—particularly those with more formal education—acquire 

this information at faster rates than lower-status individuals. Consequently, 

rather than equalizing knowledge across social strata, the entry of new 

information tends to widen existing knowledge gaps.

Several mechanisms account for this knowledge gap phenomenon. First, 

individuals with higher education possess superior information-processing 

skills, enabling them to more efficiently comprehend, evaluate, and retain 

new information about technologies. Higher-educated individuals have been 

trained in abstract thinking, logical reasoning, and systematic problem- 

solving—cognitive skills that transfer readily to learning new technological 

systems (Luttrell et al., 2020).

Second, education is associated with greater exposure to information-rich 

environments. College-educated individuals are more likely to work in 

professional occupations that require technology use, to have peer networks 

that discuss and recommend new technologies, and to consume media that 

feature technology coverage.

Third, education may foster more positive attitudes toward technology and 

innovation. The scientific worldview and empirical thinking encouraged by 

formal education may reduce technophobia and increase openness to 

experimentation with new systems. Higher-educated individuals tend to report 

greater confidence in their ability to troubleshoot problems and learn new 

skills, which is associated with lower perceived barriers to technology 

adoption.
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6) Education and AI Service Adoption

The knowledge gap hypothesis posits that individuals with higher 

socioeconomic status—particularly those with more formal education—acquire 

information about new technologies at faster rates than lower-status 

individuals, widening rather than narrowing existing gaps (Tichenor et al., 

1970). Higher-educated individuals possess superior information-processing 

skills (abstract thinking, logical reasoning, systematic problem-solving) that 

transfer readily to learning new technologies. They also work in occupations 

requiring technology use, have peer networks discussing new technologies, 

and hold more positive attitudes toward innovation (Luttrell et al., 2020).

AI services may exhibit particularly steep educational gradients because 

understanding what AI is and how it works requires technical literacy more 

accessible to higher-educated individuals. Additionally, many AI services are 

embedded in complex digital ecosystems (smartphones, smart homes, 

integrated platforms) requiring substantial digital literacy, creating 

compounded barriers for less-educated users who lack foundational technology 

experience.

Based on these considerations, we hypothesize:

H3: Individuals with college education will exhibit higher AI service 

adoption than those with high school education or less, as evidenced 

by (a) higher usage frequency and (b) higher usage intention.

3. Double Jeopardy Hypothesis

1) Gender × Age Interaction Effects

The intersection of multiple demographic disadvantages may produce 
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compounded effects on technology adoption—a phenomenon sometimes termed 

“double jeopardy” or “intersectionality” in digital divide research. The double 

jeopardy hypothesis predicts that individuals who belong to multiple 

marginalized groups experience disproportionately severe barriers compared to 

what would be expected from simply adding the individual effects of each 

demographic factor (Hargittai & Shafer, 2006).

In the context of gender and age, the double jeopardy hypothesis would 

predict that older women face particularly acute barriers to AI service 

adoption. This prediction rests on several theoretical mechanisms. First, older 

women may experience compounded socialization disadvantages. As these 

women age, they may carry forward both gendered technology anxieties and 

age-related learning difficulties, creating a synergistic barrier.

Second, older women may face unique structural disadvantages. Research 

suggests that older women are more likely than older men to live alone, to 

have lower incomes, and to have less formal education—all factors associated 

with reduced technology adoption (van Deursen & van Dijk, 2019). These 

socioeconomic disadvantages may amplify the gender gap in older age cohorts.

Third, older women may encounter gender-specific psychological barriers. 

Stereotype threat research suggests that awareness of negative stereotypes 

about one’s group can impair performance in stereotype-relevant domains 

(Steele & Aronson, 1995). Older women may be particularly vulnerable to 

stereotype threat effects if they perceive both age-based and gender-based 

stereotypes suggesting that technology is “not for them.”

2) Alternative Perspective: Independent Main Effects

Recent societal shifts toward gender equality in technology access and 

education may have reduced gender gaps among younger cohorts, but these 

shifts may not have differentially affected older cohorts who were already 
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socialized decades ago. If gender gaps have narrowed primarily among young 

people, then we should observe parallel age slopes for men and women rather 

than diverging slopes.

Given these competing theoretical possibilities and the limited empirical 

evidence directly testing Gender × Age interactions in AI service adoption, 

we pose the following hypothesis:

H4. The relationship between age and AI service adoption will differ by 

gender, such that age-related gaps will be more pronounced among 

females than males, for both (a) usage frequency and (b) usage 

intention.

4. Education as a Protective Factor

1) Age × Education Interaction Effects

Theoretical perspectives from life-course development and cognitive aging 

suggest that education may serve as a protective buffer against age-related 

declines in technology adoption. This buffering hypothesis rests on several 

mechanisms. First, cognitive reserve theory proposes that individuals with 

higher cognitive capacity and more mental stimulation throughout their lives—
factors strongly associated with educational attainment—experience slower 

cognitive aging and maintain cognitive abilities longer (Stern, 2002). 

Second, higher education is associated with stronger intrinsic motivation for 

lifelong learning and intellectual engagement (Luttrell et al., 2020). 

Higher-educated older adults may be more likely to view learning new 

technologies as an intellectually stimulating challenge rather than a 

burdensome obligation, sustaining their motivation to adopt AI services even 

in the absence of occupational necessity.
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Third, the social networks of higher-educated individuals tend to be more 

technology-rich, providing ongoing exposure to technology discussions and 

informal technical support. These social resources may help higher-educated 

older adults overcome barriers that would otherwise inhibit adoption.

Higher-educated individuals may maintain stronger interest in and positive 

attitudes toward AI services as they age, reflecting greater awareness of AI 

benefits and lower technology anxiety. However, when it comes to actual 

implementation, higher-educated older adults may set higher performance 

standards for themselves and become more discouraged when they encounter 

difficulties. If highly educated older adults expect themselves to master AI 

services quickly and easily—based on their prior history of technological 

competence—they may experience greater frustration and self-criticism when 

learning proves challenging, potentially leading to discontinuation of effort.

Based on the theoretical rationale for education as a protective buffer, we 

hypothesize:

H5. The relationship between age and AI service adoption will differ by 

education level, such that age-related gaps will be attenuated among 

higher-educated individuals, for both (a) usage frequency and (b) usage 

intention.

5. Methods

1) Data and Study Sample

Data Source

This study employed cross-sectional data from the “User Panel Survey in 

Intelligent Information Society”, conducted by the Korea Communications 

Commission and the Korea Information Society Development Institute from 

October to December 2023, with data released in June 2024. The survey was 
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designed as a nationally representative panel study to examine Korean 

citizens’ adoption and usage patterns of intelligent information technologies, 

including artificial intelligence services, in the context of an increasingly 

digitized society. The original survey sample included 4,437 participants aged 

15 to 69 residing in South Korea, all of whom owned smartphones and used 

the internet at least once daily. A salient feature of the survey was its 

emphasis on individuals who consistently have digital access, as evidenced by 

their daily use of the internet and smartphones.

The survey instrument incorporated comprehensive measures of AI service 

usage across multiple domains (medical, financial, educational, media, 

health/fitness, security, leisure, shopping, and work-related services), 

behavioral intentions toward AI service adoption, and relevant demographic 

characteristics.

Sample Characteristics

The sample comprised 1,901 males (43.6%) and 2,459 females (56.4%), 

reflecting a slightly female-skewed distribution consistent with survey 

participation patterns in South Korea. Participants ranged from 17 to 70 years 

of age (M = 44.1, SD = 14.4, Median = 45). The age distribution included. 10s 

(15-19 years, N = 192, 4.4%); 20s (20-29 years, N = 561, 12.9%), 30s (30-39 

years, N = 1,077, 24.7%), 40s (40-49 years, N = 793, 18.2%), 50s (50-59 

years, N = 898, 20.6%), 60s (60-69 years, N = 839, 19.2%). Table 1 presents 

a summary of the final analytic sample (N = 4,360).

For primary analyses examining age effects, participants were grouped into 

three theoretically meaningful categories based on life stage and digital 

nativity. Youth (15-29 years, N = 753, 17.3%), Middle-aged (30-49 years, N 

= 1,870, 42.9%, Senior citizens (50-69 years, N = 1,737, 39.8%). Second, the 

education distribution of the sample was as follows. High school or less (N = 

1,636, 37.5%), College (2-4 year degree, N = 2,691, 61.7%), Graduate school 
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(Master’s/Doctoral, N = 33, .8%).

<Table 1> Final sample characteristics (N = 4,360).

Variables Statistics N %

Gender 
Male 

Female 

1,901

2,459

43.6

56.4

Age

10s (15-19)

20s (20-29)

30s (30-39)

40s (40-49)

50s (50-59)

60s (60- )

192

561

1,077

793

898

839

4.4

12.9

24.7

18.2

20.6

19.2

Education

High school or less

College (2-4 year degree)

Graduate school1

1,636

2,691

33

37.5

61.7

.8

Total 4,360 (100%)

Note: 1Graduate school group was excluded from education-related analyses (H3, H5) due to small sample 

size.

6. Measures

1) AI service usage frequency

AI service usage frequency was measured by asking respondents, “How often 

have you used the following AI services in the past year?” The question 

assessed usage across nine service domains. Medical services (e.g., disease 

diagnosis, telemedicine), financial services (e.g., banking apps, credit 

evaluation), educational services (e.g., AI tutors, automated grading), media 

services (e.g., voice recognition, translation), health/fitness services (e.g., 

smart watches, fitness coaches), security services (e.g., smart locks, facial 

recognition), leisure services (e.g., travel assistants, conversational agents), 

shopping services (e.g., shopping advisors, e-commerce), and work-related 

services (e.g., AI-driven document creation, collaboration platforms).

Responses for each service domain were originally measured on a 6-point 
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ordinal scale (1 = ‘Almost daily’, 2 = ‘Once or twice a week’, 3 = ‘Once or 

twice a month’, 4 = ‘Once or twice in six months’, 5 = ‘Did not use in the 

past year’, 9 = ‘Never used). For analysis purposes, responses were 

reverse-coded to a 5-point scale where higher scores indicate higher usage 

frequency (0 = ‘Did not use in the past year’ ~ 5 = ‘Almost daily’). Responses 

coded as 9 to represent non-usage.

An overall usage score was computed by averaging responses across all nine 

service domains. The mean score was .72 with a standard deviation of .70, 

indicating generally low usage frequency across the sample. Individual service 

domain usage ranged from M = .28 (SD = .65) for medical services to M = 

1.20 (SD = 1.25) for shopping services.

2) AI service usage intention

AI service usage intention was measured by asking respondents, “How much 

do you intend to use (or continue using) the following AI services?” This 

question assessed behavioral intentions across the same nine service domains 

as the usage frequency measure.

Responses were measured on a 4-point Likert scale (1 = ‘No intention at 

all’, 2 = ‘Little intention’, 3 = ‘Some intention’, 4 = ‘Strong intention’), with 

an additional option (9 = ‘Don’t know’). Higher scores indicate stronger 

intentions to adopt or continue using AI services. For analysis purposes, 

responses coded as 9 (‘Don’t know’) were treated as missing data and excluded 

from analyses (representing 8.5% of responses on average across service 

domains).

An overall intention score was computed by averaging responses across all 

nine service domains. Among valid responses (N = 4,360), the mean score was 

3.18 with a standard deviation of .56, indicating moderately strong intentions 

to use AI services. Individual service domain intentions ranged from M = 2.97 
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(SD = .92) for educational services to M = 3.37 (SD = .70) for medical 

services.

Gender

Gender was measured with a single item asking respondents to indicate 

their biological sex. Responses were coded as a binary variable (1 = ‘Male’, 2 

= ‘Female’). The sample comprised 43.9% males (N = 1,901) and 56.1% females 

(N = 2,459).

Age

Age was measured as a continuous variable based on respondents’ birth 

year, calculated as 2024 minus birth year. The age range was 17 to 70 years, 

with a mean of 44.2 years (SD = 14.5). 

For categorical analyses, age was recorded into three groups based on life 

stage. Youth (ages 15-29, N = 753, 17.4%), Middle-aged adults (ages 30-49, 

N = 1,870, 42.5%), and Senior citizens (ages 50-69, N = 1,737, 40.1%). This 

three-group categorization was chosen to balance statistical power across 

groups while maintaining theoretically meaningful age distinctions related to 

digital nativity and technology adoption patterns.

Education

Education level was assessed by asking respondents, “What is your highest 

level of education?” with response options including. ‘No formal education’, 

‘Elementary school’, ‘Middle school’, ‘High school’, ‘College (less than 4-year 

degree)’, ‘College (4-year degree or higher)’, ‘Graduate school (Master’s 

degree)’, and ‘Graduate school (Doctoral degree)’.

For analysis purposes, education was recoded into three categories. High 

school or less (combining responses 2-4, N = 1,636, 37.5%), College 

(combining responses 5-6, N = 2,691, 61.8%), and Graduate school (combining 

responses 7-8, N = 34, .8%). Due to the extremely small sample size in the 

graduate school category (N = 34), this group was excluded from primary 
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analyses. Main analyses therefore compared two education groups; high school 

or less versus college education.

An additional variable captured educational status (1 = ‘Graduated’, 2 = 

‘Currently enrolled’, 3 = ‘On leave’, 4 = ‘Dropped out/Completed coursework’), 

though this was not used in primary analyses. The vast majority of 

respondents (91.1%) had completed their education.

Results

Before conducting hypothesis tests, we examined the relationships between 

the main study variables. Table 2 presents the correlation matrix for AI 

service usage frequency, AI service usage intention, and key demographic 

variables.

There was a significant positive correlation between AI service usage 

frequency and usage intention (r = .487, p < .001), indicating that those who 

used AI services more frequently also responded stronger intentions to 

continue using them. Age showed significant negative correlations with both 

usage frequency (r = -.287, p < .001) and usage intention (r = -.215, p < 

.001). Education level (coded as college vs. high school or less) was positively 

correlated with both usage frequency (r = .201, p < .001) and usage intention 

(r = .204, p < .001). Gender showed slight correlations with usage frequency 

(r = -.036, p < .05) and usage intention (r = -.009, p > .05).

<Table 2> Correlations among study variables (N = 4,360)

Variables 1 2 3 4 5

AI Usage -

AI Intention .234*** -

Gender(Female) -.036* -.009

Age -.290*** -.216*** .029

Education .200*** .197*** -.108*** -.351*** -

Note. * p < .05, **p < .01, ***p < .001, Female = 1
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In addition, for group comparisons, we report Cohen’s d for t-tests and η

²(eta-squared) for ANOVAs as measures of effect size. Following 

conventional guidelines (Cohen, 1988), Cohen’s d values are interpreted as: .20 

= small effect, .50 = medium effect, .80 = large effect. For η², values are 

interpreted as: .01 = small effect, .06 = medium effect, .14 = large effect. 

Statistical significance was set at α = .05 for all tests.

H1 proposed that males would exhibit higher AI service adoption than 

females in both usage frequency and usage intention. Independent samples 

t-tests were conducted to examine gender differences (Table 3).

<Table 3> T-test: Gender difference in AI service adoption

Variables

Male 

(n = 1,901)

M(SD)

Female 

(n = 2,459)

M(SD)

t df p Cohen’s d

AI Usage .755(.717) .704(.695) 2.379 4358 .017* .073

AI Intention 3.188(.564) 3.178(.553) .594 4358 .552 .018

Note. * p<.05, **p<.01, ***p<.001

For AI service usage frequency, males (M = .755, SD = .717) showed 

significantly higher usage than females (M = .704, SD = .695), t(4358) = 

2.379, p = .017. However, the effect size was negligible, indicating minimal 

practical significance. For AI service usage intention, there was no significant 

difference between males (M = 3.188, SD = .564) and females (M = 3.178, SD 

= .553), t(4358) = .594, p = .552.

These findings provide partial support for H1. While a statistically significant 

gender difference emerged for usage frequency, the effect size was negligible 

(d = .073), falling well below the conventional threshold for a small effect (d 

= .20). The 7.2% difference in usage frequency between males and females, 

though statistically significant, lacks practical significance. Moreover, no 

gender difference was observed for usage intention. Thus, contrary to traditional 

technology adoption patterns showing substantial gender gaps, AI service 
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adoption appears largely gender-neutral.

H2 proposed that younger adults would exhibit higher AI service adoption 

than older adults in both usage frequency and usage intention. One-way 

ANOVAs were conducted to examine age group differences, followed by 

post-hoc pairwise comparisons (Tables 4.1, 4.2, 4.3).

<Table 4.1> Descriptive statistics by age group

Variables

Youth 

(15-29, n = 753)

M(SD)

Middle-aged 

(30-49, n = 1,870)

M(SD)

Senior

(50+, n = 1,737)

M(SD)

AI Usage .909(.772) .704(.695) .704(.695)

AI Intention 3.287(.486) 3.178(.553) 3.178(.553)
 

<4.2> One-way ANOVA results

Variables F df p

AI Usage 186.003 2, 4357 <.001*** .079

AI Intention 115.884 2, 4357 <.001*** .051

Note. * p < .05, **p < .01, ***p < .001

<4.3> Post-hoc pairwise comparisons (Bonferroni-corrected)

Comparison Variable t p Cohen’ d

Youth vs. Middle-aged 
AI usage .031 .980 .327 .042

AI intention .004 .191 .848 .008

Youth vs. Senior
AI usage .425 15.031 <.001*** .656

AI intention .259 9.747 <.001*** .426

Middle-aged vs. Senior
AI usage .395 18.061 <.001*** .602

AI intention .255 13.791 <.001*** .460

 

Note. * p < .05, **p < .01, ***p < .001

For AI service usage frequency, significant differences emerged across age 

groups, F(2, 4357) = 186.003, p < .001, η² = .079. Youth (M = .909, SD = 

.772) and middle-aged adults (M = .878, SD = .713) showed similarly high 

usage levels that did not differ significantly from each other (p = .327). 
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However, both groups exhibited substantially higher usage than senior citizens 

(M = .483, SD = .587). Post-hoc comparisons revealed that youth showed 88% 

higher usage than seniors (Δ = +.425, p < .001, d = .656), and middle-aged 

adults showed 82% higher usage than seniors (Δ = +.395, p < .001, d = 

.602).

For AI service usage intention, a similar pattern emerged, F(2, 4,357) = 

115.884, p < .001, η² = .051. Youth (M = 3.287, SD = .486) and middle- 

aged adults (M = 3.283, SD = .444) showed nearly identical intention levels (p 

= .848), while both groups demonstrated significantly higher intentions than 

seniors (M = 3.028, SD = .653). Specifically, youth showed 8.5% higher 

intention than seniors (Δ = +.259, p < .001, d = .426), and middle-aged 

adults showed 8.4% higher intention than seniors (Δ = +.255, p < .001, d = 

.460).

These findings provide support for H2. Age emerged as the most powerful 

predictor of AI service adoption gaps, with medium effect sizes (η²= .079 

for usage, η²= .051 for intention). The consistent pattern—Youth ≒ 

Middle-aged > Seniors—reveals that the digital divide manifests most acutely 

after age 50, potentially reflecting cohort differences in digital nativity and 

technology comfort. 

H3 proposed that individuals with higher education would exhibit higher AI 

service adoption than those with lower education in both usage frequency and 

usage intention. Due to the small sample size for the graduate school group 

(N = 33), analyses compared college-educated individuals with those having 

high school education or less. Independent samples t-tests were conducted 

(Table 5).
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<Table 5> T-test: Education difference in AI service adoption

Variables

High school or less 

(n = 1,636)

M(SD)

College

(n = 2,691)

M(SD)

t df p Cohen’s d

AI Usage .543(.643) .836(.720) 13.465 4324 <.001*** .423

AI Intention 3.036(.651) 3.268(.474) 13.493 4324 <.001*** .424

Note. * p < .05, **p < .01, ***p < .001

For AI service usage frequency, college-educated individuals (M = .836, SD 

= .720) showed significantly higher usage than those with high school 

education or less (M = .543, SD = .643), t(4,325) = 13.465, p < .001. This 

represents a 53.9% higher usage rate among college-educated users, 

indicating a substantial education gap.

For AI service usage intention, college-educated individuals (M = 3.268, SD 

= .474) also demonstrated significantly higher intentions than those with high 

school education or less (M = 3.036, SD = .651), t(4325) = 13.493, p < .001. 

This represents a 7.6% higher intention level among college-educated users.

These findings provide support for H3. Education showed substantial 

associations with AI service adoption, with small-to-medium effect sizes (d = 

.42 for both outcomes). College education was associated with significantly 

greater AI service adoption in both usage behaviors and usage intentions. The 

parallel effects across both outcomes suggest that education shapes not just 

behavioral capacity but also motivational attitudes toward AI. Notably, the 

education gap was nearly twice as large for usage (Δ = .293) compared to 

intention (Δ = .232), suggesting that educational barriers operate more 

strongly at the behavioral level than the attitudinal level—a pattern 

consistent with digital skills mediating the intention-behavior gap.

H4 proposed that the relationship between age and AI service adoption 

would differ by gender, such that age-related gaps would be more pronounced 

among females than males. Hierarchical multiple regression analyses were 
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conducted with usage frequency and usage intention (Tables 6.1 and 6.2).

<Table 6.1> Hierarchical regression analysis: Gender x Age predicting AI usage frequency

Models Independent variables  R2 ∆R2 F(∆R2) p

1 
Gender (Female) -.039 .0850 - -

Age -.014

2

Gender (Female) -.039 .0852 .0001 .662 .662

Age -.015

Gender x Age .001

Note. Female = 1

<Table 6.2> Hierarchical regression analysis: Gender x Age predicting AI usage intention.

Models Independent variables  R2 ∆R2 F(∆R2) p

1 
Gender (Female) -.003 .0467 - -

Age -.008

2

Gender (Female) -.003 .0467 .0001 .194 .660

Age -.008

Gender x Age -.0005

Note. Female = 1

For usage frequency, the main effects model (Step 1) showed significant 

effects of gender (β = -.039, p < .001) and age (β = -.014, p < .001), with 

R²= .085. Adding the Gender × Age interaction term (Step 2) did not 

significantly improve model fit, ΔR²= .0001, F(1, 4355) = .662, p = .416. 

The interaction term itself was not significant (β = .001, p = .416).

For usage intention, the main effects model showed significant effects of 

gender (β = -.003, p > .05) and age (β = -.008, p < .001), with R²= .047. 

The addition of the interaction term did not improve model fit, ΔR²= .0000, 

F(1, 4355) = .194, p = .660. The interaction term was not significant (β= 

-.001, p = .660).

These findings do not support H4. Contrary to expectations, no significant 

Gender × Age interaction effects were detected for either usage frequency or 
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usage intention. The relationship between age and AI service adoption does 

not differ significantly between males and females, indicating that 

age-related digital divides manifest similarly across gender lines. 

H5 proposed that the relationship between age and AI service adoption 

would differ by education level, such that age-related gaps would be 

attenuated among higher-educated individuals (i.e., education would buffer 

age-related declines). Hierarchical multiple regression analyses were 

conducted with usage frequency and usage intention as dependent variables 

(Tables 7.1 and 7.2).

<Table 7.1> Hierarchical regression analysis: Age x Education predicting AI usage frequency

Models Independent variables  R2 ∆R2 F(∆R2) p

1 
Age -.006 .0644 - -

Education .163

2

Age -.008 .0668 .002 10.702 .001**

Education .159

Age x Education .004

Note. Education: High school or less = 0, College = 1, Graduate school group (n = 33) was excluded due 

to small sample size, *p < .05, **p < .01, ***p < .001

<Table 7.2> Hierarchical regression analysis: Age x Education predicting AI usage intention

Models Independent variables  R2 ∆R2 F(∆R2) p

1 
Age -.012 .096 - -

Education .161

2

Age -.010 .098 .002 10.076 .002**

Education .166

Age x Education -.005

Note. * p < .05, **p < .01, ***p < .001

For usage frequency, the main effects model (Step 1) showed significant 

effects of age (β= -.012, p < .001) and education (β= .161, p < .001), with 

R²= .096. Adding the Age × Education interaction term (Step 2) significantly 

improved model fit, ΔR²= .002, F(1, 4321) = 10.073, p = .002. The 
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interaction term was significant (β= -.005, p = .002), indicating that 

education moderates the relationship between age and usage frequency.

Simple slope analysis revealed that the negative relationship between age 

and usage was significant for both education groups but differed in 

magnitude. For those with high school education or less, the slope was β= 

-.010 (t = -9.696, p < .001). For college-educated individuals, the slope was 

steeper at β= -.015 (t = -8.100, p < .001). Contrary to the buffering 

hypothesis, this pattern suggests that education amplifies rather than 

attenuates age-related declines in usage frequency.

For usage intention, the main effects model showed significant effects of 

age (β= -.006, p < .001) and education (β= .163, p < .001), with R²= .064. 

Adding the interaction term significantly improved model fit, ΔR²= .002, 

F(1, 4321) = 10.699, p = .001. The interaction term was significant (β= .004, 

p = .001).

Simple slope analysis also revealed a different pattern for intention. For 

those with high school education or less, the negative relationship between 

age and intention was steeper (β= -.008, p < .001). For college-educated 

individuals, the slope was less steep (β= -.004, p < .001). This pattern is 

consistent with the buffering hypothesis, suggesting that education mitigates 

age-related declines in usage intention.

These findings provide support for H5, though the pattern is more nuanced 

than initially hypothesized. Significant Age × Education interactions emerged 

for both outcomes, but the nature of the interaction differed. For usage 

behaviors, education paradoxically amplified age-related declines, with older 

college-educated adults showing steeper usage drops relative to their younger 

counterparts compared to the high school group. However, for usage 

intentions, education buffered age-related declines as predicted, with older 

college-educated adults maintaining relatively stronger motivation to adopt AI 

compared to their less-educated peers.
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7. Discussion

This study examined demographic disparities in AI service adoption in South 

Korea, focusing on gender, age, and education as key predictors of the digital 

divide in the emerging AI era. Drawing on digital divide theory and 

technology acceptance frameworks, we tested five hypotheses regarding main 

effects and interaction effects of these demographic variables on AI service 

usage frequency and usage intention. 

The first major finding concerns the surprisingly minimal role of gender in 

AI service adoption. While H1 predicted that males would exhibit higher 

adoption rates than females based on traditional technology adoption patterns, 

our results show that gender differences in AI service adoption are negligible. 

Although males showed statistically higher usage frequency than females, the 

effect size was trivial, and no gender difference emerged for usage intention. 

This pattern represents a notable departure from previous research on 

technology adoption, which has consistently documented substantial gender 

gaps favoring males (Hargittai & Shafer, 2006; Venkatesh & Morris, 2000).

The gender-neutral pattern observed in AI service adoption may reflect 

several important shifts in the contemporary technology landscape. First, AI 

services in daily life—such as voice assistants, recommendation systems, and 

AI-powered shopping tools—are increasingly designed with user-friendly 

interfaces that reduce technical barriers historically associated with 

male-dominated technology domains (Peláez-Sánchez et al., 2023). Second, 

the integration of AI into everyday consumer services may have normalized AI 

service adoption across gender lines, unlike earlier waves of technology 

adoption that were concentrated in traditionally male-dominated domains. 

These findings suggest that the traditional gender gap in technology 

adoption may be diminishing in the context of AI services, at least in 

technologically advanced societies like South Korea. However, this gender 
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convergence may remain limited to consumer-facing AI services embedded in 

daily life rather than extending to more specialized or technical AI 

applications. 

The second major finding is that age emerged as the most powerful 

predictor of AI service adoption gaps. H2 was strongly supported. Younger 

adults and middle-aged adults exhibited substantially higher adoption rates 

than senior citizens. Notably, youth and middle-aged adults showed nearly 

identical levels of usage and intention, while seniors lagged significantly 

behind both groups. This pattern suggests that the digital divide in AI service 

adoption manifests most acutely after age 50, potentially reflecting cohort 

differences in digital nativity, cognitive flexibility, and technology anxiety 

(Charness & Boot, 2022).

The persistence of age-based gaps across both behavioral and attitudinal 

dimensions suggests that these differences extend beyond mere access or 

skills to encompass deeper motivational and psychological factors. Seniors may 

perceive AI services as less relevant to their daily needs, experience greater 

anxiety about making errors with unfamiliar technology, or hold lower 

self-efficacy beliefs regarding their ability to master AI tools (Czaja et al., 

2019; Niehaves & Plattfaut, 2014). 

The age-based divide observed in AI service adoption has important 

implications for social equity and inclusion. As AI services become 

increasingly integrated into critical domains such as healthcare, finance, and 

civic participation, seniors’ lower adoption rates risk excluding them from 

essential services and opportunities. 

The third major finding concerns the role of education in shaping AI service 

adoption patterns. H3 was strongly supported. College-educated individuals 

exhibited substantially higher adoption rates than those with high school 

education or less. Notably, the education gap was larger for usage behaviors 

than for usage intentions, suggesting that educational barriers operate more 
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strongly at the behavioral implementation level than at the attitudinal 

motivation level.

This pattern is consistent with the knowledge gap hypothesis (Tichenor et 

al., 1970), which posits that individuals with higher socioeconomic status gain 

information and adopt new technologies at faster rates than lower-status 

individuals. Education likely facilitates AI service adoption through multiple 

pathways. For example, higher-educated individuals possess stronger digital 

literacy skills, encounter AI services more frequently in professional contexts, 

hold more positive attitudes toward technology due to familiarity, and possess 

greater financial resources to access premium AI-enabled devices and services 

(Luttrell et al., 2020).

The stronger education effect on usage behaviors compared to usage 

intentions suggests that a critical intention-behavior gap may be amplified 

among lower-educated individuals. Even when less-educated individuals 

express interest in adopting AI, they may face greater obstacles in translating 

intention into action due to skill deficits, resource constraints, or lack of 

social support. Interventions aimed at closing the education-based divide 

should therefore focus not only on building motivation but also on providing 

hands-on training, accessible resources, and ongoing technical support to 

bridge the intention-behavior gap.

Contrary to H4, no significant interaction between gender and age was 

observed for either usage frequency or usage intention. This finding is 

theoretically informative. It suggests that age and gender operate as 

independent main effects rather than synergistic risk factors. The expected 

“double jeopardy” hypothesis—that older women would face compounded 

disadvantages from both age and gender—was not supported in our data.

This finding may reflect the overall weakness of gender effects in AI service 

adoption, which leaves little room for gender to moderate age effects. Age 

effects may primarily reflect cohort differences in digital nativity and 
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cognitive aging processes, while the minimal gender effects may reflect broad 

societal shifts toward gender equality in technology use. 

The contrasting moderating patterns of education—amplifying age-related 

declines in usage frequency while buffering declines in usage intention—
illuminate fundamental tensions between motivational willingness and 

behavioral capability in technology adoption. At the motivational level, 

education appears protective: college-educated older adults maintain stronger 

intentions to adopt AI services because education fosters intrinsic motivation 

for lifelong learning, greater awareness of technology benefits, and higher 

technology self-efficacy beliefs (Bandura, 1997). However, at the behavioral 

implementation level, education paradoxically amplifies age-related declines, 

possibly because highly educated older adults hold higher performance 

standards and experience greater frustration when learning proves 

challenging, or because ceiling effects operate as young college-educated 

adults exhibit such high usage that older educated adults cannot keep pace 

(Dweck, 2006). Beyond the South Korean context, these demographic divides 

may manifest differently across nations with varying digital infrastructures, 

cultural orientations toward technology and aging, and gender equality levels, 

warranting systematic cross-national research.

Several explanations may account for this unexpected pattern. First, ceiling 

effects may be at play. That is, young college-educated adult exhibit such 

high usage rates that older educated adults appear low by comparison, even if 

their absolute usage levels are still higher than less-educated peers. Second, 

highly educated older adults may hold higher performance standards and 

become more critical of their AI competence as they age, leading them to 

disengage when they perceive declining mastery. 

In contrast, for usage intention, education buffered age-related declines as 

originally hypothesized. The negative relationship between age and intention 

was steeper among those with high school education or less than among 
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college-educated individuals. This suggests that education protects 

motivational attitudes toward AI even as individuals age, potentially reflecting 

stronger self-efficacy, or greater awareness of AI benefits among educated 

older adults.

While our findings document substantial demographic disparities in AI 

service adoption, understanding the psychological mechanisms through which 

these factors operate is essential for developing targeted interventions. The 

minimal gender gap we observed suggests that traditional mechanisms—
technology self-efficacy and technological anxiety—may operate differently for 

user-friendly consumer-facing AI services (Hargittai & Shafer, 2006; 

Venkatesh & Morris, 2000). The substantial age-related disparities likely 

operate through technological anxiety, cognitive self-efficacy declines, lower 

perceived usefulness, higher effort expectancy, and social support deficits 

(Czaja et al., 2006). Education-based disparities appear to operate through 

digital literacy and motivational pathways, with education sustaining 

intentions through growth mindsets while paradoxically undermining usage 

through higher performance standards (Dweck, 2006). Future research should 

explicitly measure these mechanisms to enable targeted interventions.

The findings of this study carry several implications for policymakers, 

technology designers, and educators seeking to promote equitable AI service 

adoption. First, the pronounced age gap in AI service adoption calls for 

targeted interventions to support older adults’ engagement with AI services. 

Age-friendly design principles, such as simplified interfaces, clear 

instructional support, and error-tolerant systems, should be incorporated into 

AI service development (Fisk et al., 2020). 

Second, the education-based divide highlights the need for digital literacy 

initiatives that extend beyond basic internet skills to encompass AI literacy. 

Educational programs should teach individuals how to interact with AI 

systems, critically evaluate AI-generated outputs, and leverage AI tools for 
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personal and professional goals. Such initiatives should prioritize reaching 

populations with lower educational attainment, who face the greatest barriers 

to AI service adoption.

Third, the divergent moderating effects of education on usage versus 

intention suggest that interventions must be tailored to address different 

types of barriers. For older adults with lower education, motivation-building 

interventions that highlight AI’s relevance and benefits may be most 

effective. For older adults with higher education, interventions that address 

performance anxiety, provide ongoing skill development, and create 

age-inclusive usage contexts may be necessary to translate maintained 

motivation into sustained usage.

Finally, the minimal gender gap in AI service adoption, while encouraging 

from an equity standpoint, should not lead to complacency. Ongoing 

monitoring is necessary to ensure that gender disparities do not re-emerge as 

AI technologies evolve and penetrate new domains. Moreover, attention should 

be paid to potential gender differences in specific AI application areas and in 

more technical forms of AI engagement beyond consumer-facing services 

(Peláez-Sánchez et al., 2023).
This study makes several important contributions to digital divide research. 

First, we examine AI service adoption as a qualitatively distinct technological 

paradigm, extending research beyond established technologies to algorithmic, 

adaptive systems. Second, we systematically test demographic interaction 

effects to identify compounded disadvantages for intersectional groups, 

moving beyond additive models. Third, by differentiating behavioral and 

attitudinal dimensions, we reveal that demographic barriers operate differently 

at motivational versus implementation stages of adoption.

Several limitations of the current study should be acknowledged. First, this 

study is based on cross-sectional data. Therefore, all statistical results are 

correlational, and statements with causal implications should be interpreted 
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with caution. Longitudinal research designs are needed to establish the 

directionality and causal mechanisms underlying the observed relationships 

between demographic variables and AI service adoption.

Second, our measure of AI service adoption encompasses relatively 

mainstream, consumer-facing AI services. Future research should investigate 

adoption patterns for more advanced or specialized AI applications, such as 

generative AI tools or professional AI systems used in work settings. 

Demographic patterns may differ for these more technical AI applications.

Last, our analysis focused on demographic predictors but did not examine 

psychological, social, or contextual factors that may mediate or moderate 

demographic effects. Future research should investigate mechanisms such as 

technology anxiety, self-efficacy, social support, occupational exposure, and 

perceived relevance that may explain why certain demographic groups adopt 

AI at lower rates (van Deursen & van Dijk, 2019).
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