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Public concern that artificial intelligence (AI) will replace human workers is widespread, but its predictors remain contested.
By drawing on existing technology acceptance and trust frameworks, this study shows which factors are associated with worry
about AI-driven job displacement in a nationally representative sample of U.S. adults. Data from the 2024 General Social
Survey (N = 1,074) was fitted on a binary logistic regression where the covariate modeling worry was dichotomized. Frequency
of internet use was associated with higher worry (OR = 1.26, 95% CI : 1.02–1.54), while greater comfort with driverless cars as
a proxy for trust in AI systems was associated with lower worry (OR = 0.92, 95% CI : 0.85–0.99). Respondents who agreed
(versus strongly agreed) that technology provides opportunities expressed higher worry (OR = 1.64, 95% CI : 1.07–2.52).
Sociodemographic variables were not statistically significant predictors. Our results show that future efforts to address public
concern should focus on building trust in AI systems and communicating equitably about technology’s benefits.
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Introduction

Artificial intelligence has generated both optimism and anxi-
ety about the future of work1,2. The widespread anxiety held
by the public is justified by multiple labor-market analyses
which find a large portion of the job market automatable. Frey
and Osborne estimated that up to 47% of U.S. occupations
were susceptible to computerization within two decades3, and
Acemoglu and Restrepo showed that robot adoption in the
industrial sector reduced both employment and wages in ex-
posed U.S. commuting zones4. National survey evidence also
describes a consistent pattern of public pessimism. Kelley et
al. found that expectations of AI-driven job loss were some
of the most common public reactions to the technology5, and
Erer and Ateş found that AI anxiety is positively associated
with concern about technological unemployment in European
samples6. Zhang and Dafoe similarly found that a majority of
U.S. adults in a nationally representative survey expected AI to
have a large labor-market impact and expressed concern about
displacement7. Although some analyses emphasize AI’s po-
tential to augment rather than replace human labor, public ap-
prehension about job losses appears consistent. The literature
has established that worry about AI exists, and what remains
unresolved is why people worry and how that worry is dis-
tributed across the population.

Prior survey research measured this worry and found that
anxiety was directly associated with employment concerns.
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For example, by using the Chapman Survey of American
Fears, McClure identified a substantial segment of U.S. adults
termed as “technophobes,” and showed that fear of robots and
AI was associated with a heightened fear of unemployment
and financial insecurity8. Additionally, Brougham and Haar
developed and validated the STARA awareness measure, cap-
turing the degree to which employees believe their own job
could be replaced by smart technology, and found that higher
awareness was associated with lower organizational commit-
ment, career satisfaction and higher turnover intentions9. Cao
and Song extended this to nationally representative U.S. data,
analyzing General Social Survey respondents and finding that
the automation potential of a respondent’s occupation was
positively associated with perceived job insecurity10. Compa-
rable population-level work outside the United States shows
that these attitudes are not uniform across populations and
change over time: analyzing repeated Eurobarometer waves,
Gnambs and Appel documented a measurable decline in fa-
vorability toward autonomous robotic systems across the Eu-
ropean Union over a five-year period, with support varying
sharply by application domain11. Showing how to address
these concerns has become more salient as worries concern-
ing AI in the workplace increase.

We find it necessary to investigate the distribution of worry
to find its source. However, prior research on who is more
apprehensive about the future of employment is inconsistent
across domains. For education, Morikawa found that workers
with higher educational attainment reported lower perceived
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risk of replacement12, while Wang and Lu found the opposite,
arguing that AI increasingly competes in specialized knowl-
edge domains13. For age, Gerlich found no statistically sig-
nificant association in multivariate analysis14, while Wang and
Lu detected a significant but small effect13. For gender, Russo
et al. reported higher AI anxiety among women15, a pat-
tern echoed by Schepman and Rodway16 in a larger study of
general AI attitudes. Methodological differences are a likely
source of these contradictions: most findings come from anal-
yses that examine predictors one at a time, rely on workplace
or university samples, or use non-representative convenience
samples, none of which reflect the general population’s overall
attitudes.

This inconsistency is important to address. Across studies
that use validated instruments and model attitudes alongside
demographics, demographic characteristics tend to be weak
and unreliable predictors. Stein et al., who developed and
validated the ATTARI-12 attitude measure across three sam-
ples, found that personality and belief variables such as agree-
ableness and susceptibility to conspiracy beliefs predicted at-
titudes toward AI over and above demographic factors like
age17. In a cross-cultural workplace study spanning multiple
countries, Mantello et al. found that sociodemographic char-
acteristics were weaker and less consistent determinants of at-
titudes toward emotional AI than were respondents’ general
dispositions toward technology18. Surveying U.S. local offi-
cials, Horowitz and Kahn likewise reported that background
characteristics explained relatively little variance in support
for AI adoption compared with perceived benefits and risks19.
Brauner et al. offer one explanation for this pattern: because
AI remains largely a “black box” for much of the public, nei-
ther its risks nor its benefits can be reliably assessed, so atti-
tudes do not sort cleanly along demographic lines20. Together,
these patterns suggest that demographic differences in worry
may be largely absorbed by differences in trust and disposi-
tion. This is a possibility our analysis tests directly.

This study’s goal is to build a unified, nationally representa-
tive account of AI worry by utilizing the existing Technology
Acceptance Model (TAM) and distributive-fairness research.
TAM, originating with Davis21, states that perceived useful-
ness and ease of use are the main predictors of how peo-
ple respond to new technologies; Venkatesh et al. extended
this to show that social influence also shapes adoption across
populations22. More recent applications of TAM to AI con-
tinue to show trust is a central mediating variable: Choung,
David, and Ross demonstrated that trust in AI significantly
predicts acceptance above and beyond perceived usefulness
and ease of use23. Araujo et al. reached a convergent conclu-
sion from a different direction, showing in a scenario-based
survey experiment with a national sample that perceptions of
automated decision-making were driven by evaluations of fair-
ness, usefulness, and risk rather than by respondent character-

istics alone24. Gillath et al. further demonstrated experimen-
tally that trust in AI is not a fixed trait but can be raised or
lowered, indicating that it is a modifiable target rather than a
stable demographic correlate25. People who trust a technol-
ogy’s reliability and intentions are more willing to accept it
and less likely to view it as threatening. Applied to AI, this
predicts that individuals comfortable with concrete AI appli-
cations should express less worry about AI taking jobs, be-
cause trust and acceptance tend to accompany more benign
expectations of the technology’s societal role. This is consis-
tent with Gillespie et al.’s finding that willingness to trust AI is
a stronger predictor of AI-related attitudes than demographic
characteristics26.

The literature supports using comfort with autonomous ve-
hicles as a proxy as an observable indicator of trust. Paddeu et
al. showed that passengers’ comfort during first-time use of an
autonomous shuttle tracked their trust in the vehicle, because
riding requires ceding control in a high-risk setting27. In an in-
ternational questionnaire of roughly 5,000 respondents across
109 countries, Kyriakidis et al. found that willingness to ride
in and pay for automated vehicles was closely tied to con-
cerns about software reliability and system failure rather than
to demographic profile alone28. Kaur and Rampersad likewise
identified trust, reliability, and perceived security as the domi-
nant determinants of driverless-car adoption29. Comfort with
such systems is therefore a defensible behavioral proxy for
generalized trust in automated systems. We use this proxy in
our study in order to investigate the associations between spe-
cific AI use-cases, such as driverless cars, and worry. Within
distributive-fairness research, Paik et al. found that percep-
tions of who benefits from AI are systematically related to
broader attitudes toward the technology30, and Shoss and Cia-
rlante documented that AI is viewed as a greater workforce
threat in societies where inequality is more salient31. Bankins
et al. found that workers judged identical human-resource de-
cisions as less fair and less dignity-affirming when attributed
to an AI system rather than a human decision-maker, indi-
cating that fairness perceptions are connected to the decision-
making agent itself32. Expanding the scope of this assertion
to the population level, Wilczek et al. showed across European
samples that AI risk perceptions are systematically linked to
demands for regulation, suggesting that worry about AI is
bound up with judgments about whether its effects will be
equitably governed33. Cave et al. add a cautionary note for
interpreting any single measure of public sentiment, finding
that expressed responses to AI vary substantially depending
on how the technology is framed to respondents34.

To our knowledge, few studies have tested these expecta-
tions simultaneously in a general-population sample. By syn-
thesizing these frameworks, we can determine whether the
way people feel about technology shapes their fear of it more
than who they are, and reconcile existing differences in the
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literature. This study addresses that gap with the 2024 Gen-
eral Social Survey (GSS). Establishing which factors underlie
AI worry is important because if worry stems from modifiable
attitudes such as trust rather than in fixed demographic traits,
then targeted communication and policy efforts can plausibly
reduce it, whereas demographic drivers would instead imply
persistent at-risk groups requiring different responses. We
bounded the scope of the study by examining U.S. adults in
a single 2024 cross-section of secondary survey data, charac-
terizing associations rather than causal effects, and limiting to
the trust, attitudinal, and demographic measures available in
the GSS.

To what extent are trust in AI systems and perceptions of
technology’s societal benefits, relative to sociodemographic
characteristics, associated with U.S. adults’ worry that AI will
take over many jobs done by humans? We test three hypothe-
ses drawn from the technology-acceptance and trust frame-
works. H1: Greater comfort with AI applications (driverless
cars and medical robots), as an indicator of trust, is associated
with lower worry. H2: More positive beliefs about technol-
ogy’s societal effects, specifically that it provides future job
opportunities, are associated with lower worry. H3: Demo-
graphic differences in worry observed descriptively will not be
significant once attitudinal and trust-related variables are in-
cluded simultaneously. To test these hypotheses, we fit design-
based binary logistic regression models to the weighted 2024
GSS sample, entering demographic, attitudinal, and trust-
related predictors simultaneously; full procedures are detailed
in the Methods.

Methods

Data source and study design

This cross-sectional study used the 2024 GSS, a nationally
representative survey of U.S. adults conducted by NORC at
the University of Chicago. The 2024 wave was administered
both online and in person, with respondents randomly selected
from households and questionnaire content divided across bal-
lots. The technology and AI module analyzed here was admin-
istered to one ballot subset. Of 75,699 records in the cumu-
lative file, 1,536 respondents were administered and answered
the outcome item. Of these, 462 were excluded due to missing
values on one or more covariates, yielding an analytic sample
of N = 1,074.

Outcome variable

The outcome was based on the item: “Overall, how wor-
ried, if at all, are you that in the next 10 years machines,
computer programs, and Artificial Intelligence (AI) will take
over many of the jobs done by humans?” The original

five-point scale ranged from “very worried” to “not at all
worried.” Following prior work on public AI worry7, re-
sponses were dichotomized: “very worried” or “somewhat
worried” were coded as worried (1) and all remaining re-
sponses as not worried (0). We initially fitted an ordinal lo-
gistic regression as the primary model, but abandoned it after
the proportional-odds assumption was formally rejected by a
Brant test conducted on an unweighted analog of the model
(omnibus χ2(90) = 179.97, p < 0.001)35. Examined term by
term, the violation was concentrated in the software-learning
skill and technology-harm predictors, as confirmed by both the
per-term Brant results and a comparison of logistic-regression
coefficients across four binary cutpoints of the outcome. The
binary logistic regression is therefore the primary reported
model; ordinal results and full diagnostic output are available
in Supplementary Material.

Covariates

Covariates comprised demographic characteristics (age group
[18–29, 30–54, 55–64, 65+], sex, race/ethnicity, and years of
schooling) and technology-related attitudes and exposure. At-
titudinal covariates included perceived inequity in who bene-
fits from digital technology (rich vs. poor, more vs. less edu-
cated, men vs. women); agreement that technology does more
harm than good (5-point scale); agreement that technology
provides more opportunities (5-point scale); self-assessed skill
at learning new software (5-point scale, reversed so higher =
better skill); and frequency of internet use over the past 12
months (treated as a continuous 1–6 scale). Trust in AI was
proxied through comfort with a medical operation performed
by a robot (0–10) and comfort with riding in a driverless car
(0–10), following Paddeu et al.’s argument that willingness to
place oneself in an autonomous system’s control is a valid in-
dicator of trust27. Because several categories were sparsely
populated, the “Other” category for race/ethnicity combined
all remaining responses. The complete recoding script is pro-
vided as Supplementary Material.

Statistical analysis

All analyses used a design-based approach. A survey de-
sign object was specified with the 2024 GSS stratum vari-
able (vstrat), primary sampling unit variable (vpsu), and
post-stratification weight (wtssps), with variance estimated
by Taylor-series linearization; single-PSU strata were handled
by centering at the grand mean (survey.lonely.psu =
‘‘adjust’’). Weighted prevalence estimates used logit-
transformed 95% confidence intervals, which are bounded
within 0–100%. The primary model was a design-based bi-
nary logistic regression (svyglm with quasibinomial
family) with all covariates entered simultaneously; results are
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reported as odds ratios with 95% confidence intervals. Mul-
ticollinearity was assessed using generalized variance infla-
tion factors (GVIF) on an unweighted logistic-regression ana-
log; all GVIF(1/(2·D f )) values were below 1.25, indicating no
meaningful collinearity. All tests were two-tailed with α =
0.05. Analyses were conducted in R version 4.4.2 (2024-10-
31) using the survey, srvyr, tidyverse, gtsummary,
gt, and car packages; the complete analysis script is pro-
vided as Supplementary Material.

Results

Sample characteristics

The analytic sample included 1,074 respondents (Table 1).
The weighted sample was 56% female and 44% male. By
age, 16% were 18–29, 45% were 30–54, 16% were 55–64,
and 23% were 65 or older. By race/ethnicity, 64% identified
as non-Hispanic White, 16% as non-Hispanic Black, 14% as
Hispanic, and 5% as non-Hispanic Other. The median years
of schooling was 14 (IQR: 12–16). A majority (61%) believed
that rich people benefit more than poor people from digital
technology, and 53% believed that the highly educated bene-
fit more than the less educated. Over half (56%) agreed that
technology provides more opportunities. The median comfort
score for medical robots was 3 (IQR: 0–6) and for driverless
cars was 2 (IQR: 0–5), both out of 10.

Weighted prevalence of worry

Overall, 69.1% of U.S. adults (95% CI: 65.2%–72.8%) re-
ported being very or somewhat worried that AI will take over
many jobs done by humans (Table 2). Prevalence was higher
among older respondents (76.0% for ages 55–64; 73.3% for
ages 65+) compared to younger adults (59.5% for ages 18–29;
Figure 3). Females reported higher prevalence (75.2%) than
males (62.5%; Figure 4). Prevalence varied modestly across
education levels, with no clear monotonic gradient (Figure 2).
Respondents who strongly agreed that technology provides
opportunities showed the lowest prevalence of worry (58.6%),
compared with higher prevalence among those who agreed
(72.9%) or were less positive. Worry decreased as comfort
with driverless cars increased, from 77.4% among those with
a comfort score of 0–2 to 58.5% among those with a score of
6–10.

Regression results

Table 3 presents the design-based binary logistic regression
results. No sociodemographic variable reached statistical sig-
nificance after adjustment, though confidence intervals were
wide enough to be compatible with modest effects. Age

groups 30–54 (aOR = 1.34, 95% CI: 0.83–2.17), 55–64 (aOR
= 2.10, 95% CI: 0.97–4.55), and 65+ (aOR = 1.67, 95% CI:
0.89–3.13) showed higher point estimates than the 18–29 ref-
erence group but did not reach significance at α = 0.05. Males
showed lower odds than females (aOR = 0.71, 95% CI: 0.49–
1.03, p = 0.07), a difference that approached but did not reach
the threshold. Race/ethnicity and years of schooling were also
non-significant, though the point estimates for non-Hispanic
Black respondents (aOR = 0.68) and years of schooling (aOR
= 0.96 per year) suggest trends that warrant investigation in
larger samples.

Among technology-related predictors, frequency of inter-
net use was a significant predictor: each one-unit increase on
the internet-use scale was associated with 26% higher odds of
worry (aOR = 1.26, 95% CI: 1.02–1.54; Figure 1, Panel A).
Greater comfort with driverless cars was associated with lower
odds of worry (aOR = 0.92 per unit, 95% CI: 0.85–0.99; Fig-
ure 1, Panel B), consistent with H1. Comfort with medical
robots was not statistically significant (aOR = 0.95, 95% CI:
0.89–1.01; Figure 1, Panel B). Respondents who agreed (vs.
strongly agreed) that technology provides more opportunities
had higher odds of worry (aOR = 1.64, 95% CI: 1.07–2.52;
Figure 1, Panel C), consistent with H2; the neither-agree-nor-
disagree and disagree-or-less categories showed similar trends
but were not significant. Among perceived-inequity measures,
respondents who felt neither the more nor less educated bene-
fit more from digital technology had lower odds of worry than
those who felt the educated benefit more (aOR = 0.43, 95%
CI: 0.20–0.94); the remaining predictors were not statistically
significant.

Discussion

Worry about AI-driven job displacement was significantly as-
sociated with trust-related and technology-acceptance vari-
ables, such as comfort with driverless cars and beliefs about
technology’s provision of opportunities, while sociodemo-
graphic characteristics including age, sex, race/ethnicity, and
educational attainment were not statistically significant when
considered simultaneously. These findings support H1 and H2
and partially support H3.

The association between comfort with driverless cars and
lower worry is the pattern that technology-acceptance and
trust frameworks predict. Paddeu et al. argue that willingness
to ride in an autonomous vehicle reflects generalized trust in
AI systems, because the user cedes control in a high-risk sit-
uation27. Choung et al.’s framework similarly holds that trust
in AI is associated with reduced threat perceptions and greater
acceptance23. However, comfort with medical robots was not
significant, suggesting that trust in AI may not generalize uni-
formly across applications. This is consistent with Gillespie
et al.’s observation that willingness to trust AI varies signif-
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Figure. 1 Technology acceptance and trust as predictors of AI job-
displacement worry. Panel A: adjusted odds ratio per unit increase in
internet-use frequency (1–6 scale). Panel B: predicted probability of
worry across comfort scores (0–10), holding other covariates at sam-
ple means; shading = approximate 95% CI. Panel C: adjusted ORs
for perceived technology opportunity (ref: strongly agree). Design-
based binary logistic regression, 2024 GSS (N = 1,074). * p < 0.05;
error bars = 95% CI.

icantly by domain and context26, and with Gnambs and Ap-
pel’s finding that European support for robots differed sub-
stantially between workplace and healthcare applications11.
This indicates that trust in AI systems, while depending on
context, is the primary predictor of lower worry.

The association between perceived technology opportunity
and worry is nuanced. Respondents who agreed (versus
strongly agreed) that technology provides opportunities ex-
pressed higher worry. This is consistent with a distributive-
fairness account: people who hold a moderate view of tech-

nology’s benefits may worry more about displacement. We
posit that even when people believe technology provides more
opportunities, they have lower worry only if they expect those
opportunities to reach them. Paik et al. similarly found that
fairness perceptions about AI relate to broader attitudes about
who benefits from technology30, and Bankins et al. showed
experimentally that the perceived fairness of a decision de-
pends on whether an AI or a human made it32.

Higher internet use was associated with higher worry. This
is consistent with the view that greater exposure to online me-
dia and news heightens awareness of AI’s potential to displace
workers; Nader et al. similarly found that increased consump-
tion of AI-related media is associated with greater belief in AI
replacing workers36. Cave et al.’s demonstration that public
responses to AI shift with framing supports the same mech-
anism, since heavier internet users encounter a greater vol-
ume and variety of AI framings34. We note that an earlier
categorical specification of internet use produced an unsta-
ble estimate driven by sparse cells; treating internet use as a
continuous frequency scale yields a stable positive association
in the same direction. Because our measure captures over-
all internet-use frequency rather than exposure to AI-specific
content, this interpretation remains associational and requires
further research.

The non-significance of demographic variables is substan-
tive. Descriptive prevalences showed higher worry among
women and older adults, consistent with prior work by Russo
et al.15 and Wang and Lu13. However, because these differ-
ences were not significant after we adjusted for technology
attitudes and trust, H3 is supported. This suggests that demo-
graphic differences in worry may be largely mediated by dif-
ferences in trust and technology acceptance, and that studies
finding demographic associations may be capturing unmea-
sured variation in trust instead of independent demographic
effects. This aligns with Mantello et al. and Horowitz and
Kahn, both of whom found demographic characteristics to be
weaker predictors of AI attitudes than dispositional and eval-
uative variables18,19. While these observed differences may
exist in specific populations such as workplaces or universi-
ties, they do not persist within the general population.

Limitations

All measures are self-reported, so they are subject to social-
desirability and recall biases; self-assessed software-learning
skill may be optimistically inflated, and internet-use frequency
is recalled over a 12-month window. The 462 respondents
excluded for missing covariate data (30% of the ballot sub-
sample) may introduce bias if missingness is related to both
predictors and outcome. The model omits income, political
orientation, and geographic region, all plausible confounders.
The trust proxies of comfort with driverless cars and medi-
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Figure. 2 Education and AI worry: resolving conflicting prior findings. Panel A: weighted prevalence of worry (logit-transformed 95% CI)
by educational attainment, 2024 GSS (N = 1,074); bins approximated from continuous years-of-schooling. Panel B: adjusted OR per year of
schooling; CI crosses 1.0 (p = 0.17).

Figure. 3 Age and AI worry: a descriptive gradient that does not survive adjustment. Panel A: weighted prevalence by age group. Panel B:
adjusted ORs relative to ages 18–29; all CIs cross 1.0. 2024 GSS (N = 1,074).

Figure. 4 Gender and AI worry: a descriptive gap that attenuates under adjustment. Panel A: weighted prevalence by sex (females 12.6 pp
higher; computed from unrounded proportions). Panel B: adjusted OR for male vs. female; CI crosses 1.0 (p = 0.07).
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cal robots are indirect measures of trust in AI systems, though
inferences are reasonable due to the nature of the activities.
Finally, AI perceptions are evolving rapidly, and associations
estimated in 2024 may not persist. We suggest that future stud-
ies analyze the evolution of sentiment toward AI as the tech-
nology evolves and it becomes more ingrained in daily life.

Recommendations

Public AI-literacy initiatives should emphasize trust-building
by explaining how AI systems work, demonstrating their reli-
ability, and clearly communicating where human oversight is
required. Since perception is nuanced and distrust is preva-
lent, explaining how these systems work is necessary to re-
move negative stigmas. By explaining how human oversight
is necessary, the sentiment that AI exists solely to replace la-
bor would reduce. Employers and policymakers introducing
AI in workplaces should communicate clearly about how AI
will and will not affect specific roles, since uncertainty about
displacement appears to track general exposure to informa-
tion about AI. Communications about AI’s labor-market ef-
fects should explicitly address who benefits from the technol-
ogy, since perceived inequity in technology’s benefits was as-
sociated with higher worry in this analysis.

Table 1 Weighted descriptive characteristics of the analytic sample
(N = 1,074)

Characteristic Unweighted n Weighted %
Age 18–29 166 16%
Age 30–54 486 45%
Age 55–64 176 16%
Age 65+ 246 23%
Female 599 56%
Male 475 44%
Hispanic 153 14%
NH White 681 64%
NH Black 175 16%
NH Other 65 6%
Years of schooling (median, IQR) — 14 (12, 16)
Rich benefit more (digital tech) 654 61%
Educated benefit more 563 53%
Agree tech provides opportunities 555 53%
Comfort: medical robot (median, IQR) — 3 (0, 6)
Comfort: driverless car (median, IQR) — 2 (0, 5)

Conclusion

As AI systems become further ingrained in more people’s
lives, our results suggest that the central determinant of public
worry is not who people are demographically, but how much

Table 2 Weighted prevalence of worry that AI will take over many
jobs, by characteristic

Group Proportion Lower 95% CI Upper 95% CI
Overall 69.1% 65.2% 72.8%
Age 18–29 59.5% 49.6% 68.7%
Age 30–54 69.8% 64.3% 74.9%
Age 55–64 76.0% 67.1% 83.1%
Age 65+ 73.3% 65.5% 79.9%
Female 75.2% 70.1% 79.6%
Male 62.5% 57.1% 67.7%
Hispanic 69.6% 59.2% 78.3%
NH White 70.1% 65.3% 74.6%
NH Black 65.9% 55.8% 74.8%
NH Other 65.6% 41.1% 83.9%
Tech opportunities: strongly agree 58.6% 52.0% 64.9%
Tech opportunities: agree 72.9% 67.4% 77.8%
Tech opportunities: neither 76.0% 63.6% 85.2%
Tech opportunities: disagree or less 86.5% —† —†

Driverless car comfort 0–2 77.4% 73.0% 81.3%
Driverless car comfort 3–5 60.9% 53.0% 68.2%
Driverless car comfort 6–10 58.5% 47.0% 69.1%

Note. Logit-transformed CIs used throughout. † The
“disagree or less” category (n = 35) produced a
boundary-value proportion; the logit CI did not converge and
is not reported. Groups with n < 30 should be interpreted
with caution.

Table 3 Design-based binary logistic regression: odds ratios for
worry that AI will take over many jobs (N = 1,074)

Variable OR 95% CI p-value
Age 30–54 (ref: 18–29) 1.34 0.83–2.17 0.22
Age 55–64 2.10 0.97–4.55 0.06
Age 65+ 1.67 0.89–3.13 0.11
Sex: Male (ref: Female) 0.71 0.49–1.03 0.07
NH White (ref: Hispanic) 0.96 0.52–1.76 0.88
NH Black 0.68 0.37–1.26 0.22
NH Other 0.77 0.36–1.66 0.51
Years of schooling 0.96 0.90–1.02 0.19
Educated benefit: Neither (ref: Educated more) 0.43 0.20–0.94 0.04∗

Internet use frequency (continuous) 1.26 1.02–1.54 0.03∗

Tech provides opportunities: Agree (ref: Strongly agree) 1.64 1.07–2.52 0.02∗

Comfort: medical robot (0–10) 0.95 0.89–1.01 0.11
Comfort: driverless car (0–10) 0.92 0.85–0.99 0.03∗

Note. ∗p < 0.05. Survey-weighted logistic regression
accounting for stratification (vstrat), clustering (vpsu),
and post-stratification weights (wtssps). Variance by
Taylor-series linearization; single-PSU strata centered at the
grand mean. Selected rows shown; full model in
Supplementary Material. The ordinal model was abandoned
after the proportional-odds assumption was formally rejected
by a Brant test (χ2(90) = 179.97, p < 0.001).

they trust the technology and believe its benefits are equitably
distributed. Policymakers and employers who invest in build-
ing that trust through transparency, demonstrated reliability,
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and equitable benefit sharing would address public concern
about these rapid new developments in our society.
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