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HIGHLIGHTS

« Large Language Models (LLMs) have not been adopted equally across demographic groups.

» Gender gaps in LLM adoption decreased from 2023 to 2025 and were absent among those with technology-related education.
+ Men are more frequent users and rate their perceived competence as higher than women in our sample.

» More competent users are more likely to list productivity-related usage scenarios than novice users.

« Lack of knowledge and use cases, privacy, and ethical concerns are consistently mentioned as reasons for not using LLMs.

ARTICLE INFO ABSTRACT

Keywords: Large Language Models (LLMs) have become increasingly integrated into critical activities of daily life. This
Large language models raises concerns about equitable access and utilization across diverse demographics. This study investigates the
Technology adoption adoption and usage of LLMs in two waves of a survey with a quota-based U.S. sample (1,3 = 1495, nyp,5 = 970).
Demographics

The share of respondents who reported utilizing an LLM rose from 42% in 2023 to 82% in 2025. We found a
gender gap in early LLM adoption (more male than female users) with complex interaction patterns regarding
age and technology education as a mediator. Over time, the gender gap in usage disappeared, but male users
were still more frequent users and rated their perceived competence as higher. Common usage scenarios show
an increase in information search and editorial use as opposed to a decrease in entertainment purposes and
experimental use. Adoption barriers include a lack of knowledge and need, privacy, and ethical concerns. These
results underscore the importance of providing education in artificial intelligence in our technology-driven society
to promote equitable access to and benefits from LLMs.

1. Introduction an empirical baseline: We compare the demographics of LLM users and
non-users across two U.S. survey waves with population-matched age,
gender, and ethnicity quotas (2023 and 2025; same respondents in-
vited; see Fig. 1). We examine adoption, frequency of use, and perceived
competence, alongside typical usage scenarios and adoption barriers.
Prior work on LLMs and adjacent Al tools shows heterogeneous ef-
fects on human performance (Vaccaro et al., 2024). Productivity gains
often depend on users’ prior expertise and the task domain (Brynjolfsson
et al., 2025). For example, some knowledge-work settings report larger
improvements for less experienced workers, while other contexts (e.g.,
programming) show different patterns (Qian and Wexler, 2024). In

Large Language Models (LLMs), artificial intelligence (AI) models
that learn patterns in text at a large scale to understand and gener-
ate language, have moved from novelty to everyday infrastructure in
a remarkably short time. Yet it remains unclear who is benefiting from
this shift and how those benefits are distributed. Prior work on technol-
ogy adoption identifies demographic patterns in uptake and use (Morris
and Venkatesh, 2000; Robinson et al., 2015; Venkatesh and Morris,
2000), but we lack evidence on LLM adoption and usage over time.
If the diffusion of LLMs is uneven, productivity and opportunity gains
risk concentrating in already advantaged groups. This paper provides
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Age Group Gender

65+ Years BN Non-binary / third
— Prefer not to say
— Prefer to self-describe
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Level of Education

LLM Usage
2023 — 2025

No College Education

2 Colle?e with
Technology-Related Degree

2 College with
Non-Technology Degree

Fig. 1. Sankey plot illustrating which respondent groups reported having used LLMs in 2023 and 2025. “NA” in the LLM usage column indicates missing responses

for 2025.

education, LLM access can speed up writing and learning (Noy and
Zhang, 2023; Bastani et al., 2025), yet downstream outcomes are mixed
(e.g., lower exam performance without appropriate scaffolding) (Bastani
et al., 2025). Beyond raw performance, studies document challenges
with prompt planning and quality monitoring (Zamfirescu-Pereira et al.,
2023), and metacognitive blind spots when working with AI systems
(Fernandes et al., 2026; Fleming, 2024; Kosch et al., 2022; Tankelevitch
et al., 2024; Villa et al., 2023; Kloft et al., 2024). Overall, effective use
appears shaped by experience, task demands, and self-monitoring; fac-
tors that are likely to vary within the population (Fernandes et al., 2026;
Kacperski et al., 2025) and over time.

This matters because LLMs are increasingly embedded in every-
day work and learning. If adoption and effective use diffuse unevenly,
efficiency and opportunity gains may concentrate among already ad-
vantaged groups, echoing long-standing demographic patterns in tech-
nology adoption (Morris and Venkatesh, 2000; Robinson et al., 2015;
Venkatesh and Morris, 2000). Current interfaces also under-support
planning, monitoring, and evaluation, which can lead to miscalibrated
reliance (Fernandes et al., 2026) and potential skill loss (Bastani et al.,
2025; Kobiella et al., 2024; Rafner et al., 2022). These gaps motivate the
present study to provide demographics-focused evidence on who adopts
and uses LLMs, how frequently, and in which scenarios, and to iden-
tify barriers that may be addressable through Al literacy and interaction
design interventions aimed at equitable and competent use. Note that
there are other large scale studies on LLM use, among students (Baek et
al., 2024; Ibrahimi and Benchekroun, 2024; Krecar et al., 2024; Saklaki
and Gardikiotis, 2024; Sawalha et al., 2024), among researchers (Liao et
al., 2024), software engineers (Lambiase et al., 2025), people reporting
engaging in everyday learning activities with LLMs (Terzimehi¢ et al.,
2026), and old-aged adults (Wang et al., 2024), but they typically have
neither obtained data as early as the study at hand nor taken a long-term
and demographics-oriented perspective.

A longitudinal perspective is essential for understanding LLM adop-
tion during a period of exceptional technological flux. LLM capabilities
underwent substantial transformation—GPT-3.5 evolved to GPT-4 and
then GPT-40, Claude expanded from its initial release to Claude 3 fam-
ily, and multimodal and agentic capabilities emerged. Simultaneously,
costs shifted (notably, API pricing changes and free tier expansions), in-
terfaces matured and converged on similar chat paradigms, and LLM
functionality was embedded in consumer products that required no
deliberate adoption decision. For example, search engines like Google
include AI summaries by default. In addition, public discourse evolved
from novelty and speculation to more grounded discussions of biases,

limitations, and risks (Durmus et al., 2024; Wu et al., 2025). This shifting
landscape has shaped how users encounter and adopt LLMs. Technology
adoption theory predicts that such changes in relative advantage,
complexity, and observability should differentially affect demographic
groups (Rogers, 2003; Venkatesh and Morris, 2000). However, prior
LLM adoption studies snapshot a single state and thus cannot track how
these shifts play out over time. For instance, Bouzar et al. (2024) found
no gender difference in ChatGPT acceptance among Moroccan students
but observed gendered usage patterns, and Humlum and Vestergaard
(2025) documented a persistent 16 percentage point gender gap in work-
place ChatGPT use among Danish workers, driven primarily by women’s
greater self-reported need for training. Whether such gaps narrow as the
technology matures remains an open question. In this study, we, thus,
capture a period of rapid change with longitudinal data on whether de-
mographic gaps in adoption persist or narrow, how usage patterns and
perceived competence evolve, and how typical scenarios shift as both
technology and users mature.

We compare the demographics of users and non-users of LLMs in
two waves of a survey deployed to a U.S. population-matched sam-
ple in terms of age, gender, and ethnicity (nyy3 = 1495, nyps = 970).
Concretely, we analyze how the adoption rate and usage frequency of
LLMs differ across different socio-demographic groups, and how these
patterns evolved from 2023 to 2025. We hypothesize that gender and
age differences predict the use of LLMs. Moreover, we explore typical
LLM scenarios for novices and experts and barriers to LLM adoption. We
do not analytically separate formal and informal use because during the
2023-2025 period, LLM adoption was not segmented along these lines:
the same individuals encountered and experimented with LLMs across
work, education, and personal contexts, often through the same inter-
face. In addition, informal contexts play an important role because these
are often settings where social norms are forming, and thus, also where
Al literacy is shaped.

Our results show that in April 2023, four months after the release of
ChatGPT, women were less likely to use LLMs than men and younger
age groups were more likely to use LLMs than older ones. Interaction
effects revealed a more pronounced gender gap in young adults and
only a marginal one in old age. This is mirrored in the frequency of
use, where most young female users used LLMs once a month or less
often, while male users of LLMs reported a higher frequency of use. The
gender effect was diminished for populations with degrees in technol-
ogy. In January 2025, female respondents had caught up in terms of
adoption rates. However, they still reported lower frequency of use and
self-assessed LLM competence. We found no meaningful effects of age
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on general LLM adoption, but middle-aged groups manifested higher
frequency of use compared to the youngest and oldest respondents. The
most prevalent usage scenarios were related to (formal) text generation
and information gain, followed by creative applications, recommenda-
tions, and explanations. From 2023 to 2025, we observed a shift toward
more productivity-oriented use. Exploratory analyses of usage scenar-
ios by perceived competence indicate a stronger focus on professional
tasks for proficient users, while novices were more likely to try out
LLM capabilities and use them for entertainment purposes. Finally, non-
users reported a variety of reasons for not using LLMs, including a lack
of knowledge and needs, ethical concerns, and impersonal interaction,
which largely persisted from 2023 to 2025.

Based on these findings, we contribute recommendations to promote
LLM adoption in disadvantaged demographic profiles. Our findings are
relevant to LLM interface designers seeking to accommodate diverse
user groups, Al literacy educators and policymakers aiming to address
knowledge gaps and attitudinal barriers, and HCI researchers who need
an overview of demographic effects for informing the design of evalu-
ating adoption interventions. Notably, in line with organizations such
as IDB, OECD, and UNESCO (UNESCO, 2022; West et al., 2019), we
call for education in technological disciplines with a focus on Al early
on, but also LLM system design that caters to non-experts’ needs in
particular. Moreover, mentioned ethical concerns show a need for dif-
ferentiated and contextualized discussions, e.g., when considering LLMs
for educational use.

2. Related work

We relate our work to studies on technology adoption that indi-
cate demographic effects, and also consider LLM-specific factors such
as characteristics of common application domains.

2.1. Demographic factors and the adoption of novel technologies

Demographic studies show that age and gender influence technology
adoption. Younger individuals readily adopt novel technologies, often
driven by their ability to learn interaction patterns and their openness
to experiment (Parasuraman and Colby, 2015). Conversely, the per-
ceived ease or difficulty, i.e., perceived behavioral control, of a given
system predicts adoption in old age (Morris and Venkatesh, 2000). For
example, younger generations use mobile devices more frequently and
perceive them as less complex and more visible than older generations
(Magsamen-Conrad and Dillon, 2020). On the other hand, in established
contexts such as online shopping, studies suggest that age gaps have nar-
rowed or disappeared (Hernéndez et al., 2011; Lee, 2010). Furthermore,
there is a gender gap in technology adoption, with men generally engag-
ing with new technologies earlier than women (West et al., 2019). This
may be attributed to factors such as differences in self-efficacy and ed-
ucation in technological disciplines. Women have also been found to
be more strongly influenced by social norms than men (Venkatesh and
Morris, 2000). For example, previous studies found a significantly higher
acceptance of Al in banking services by male respondents (Tubadji et
al., 2021). Similarly, Felnhofer et al. (2012) report higher levels of im-
mersion in Virtual Reality for male than female participants. Gender
gaps are often amplified with age (Morris et al., 2005). Looking at LLMs
specifically, Humlum and Vestergaard (2025) surveyed 18,000 work-
ers in Denmark across 11 occupations, reporting that women were less
likely (by 16 percentage points) to have used ChatGPT for work. Also on
ChatGPT, Bouzar et al. (2024) found gender differences in a student sam-
ple, regarding usage time (men longer), frequency (women higher), and
concerns about over-reliance (women more concerned). Overall, both
age and gender are consistently identified as significant predictors of at-
titudes toward (novel) technology and technology adoption. Additional
factors such as socio-economic status and cultural background also pre-
dict technology adoption. These are not evaluated in this paper but for
an overview see, for example Robinson et al. (2015); Rojas-Méndez et
al. (2017); Tubadji et al. (2021); Van Deursen et al. (2021).
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The demographics of LLM users may exhibit more complex patterns
than is the case for other technologies: Other studies have focused on
larger timeframes of years, often within professional contexts (Morris
and Venkatesh, 2000), and may not describe disruptive technologies.
The fact that LLMs have disrupted society within months may influ-
ence related demographic patterns. Initial studies indicate gender, age,
or education gaps in the adoption and use of generative Al (Aldasoro
et al., 2024; Daepp and Counts, 2025; Kacperski et al., 2025; Sidoti
and McClain, 2025; Suarez and Garcia-Marifioso, 2025). We extend
this work with a longitudinal perspective that enables us to also trace
adoption patterns and changes in typical usage scenarios as LLM usage
consolidates.

Knowing the impact of demographic factors is essential for achieving
equitable use of novel technologies by building up expertise and lower-
ing access barriers. For example, Magsamen-Conrad and Dillon (2020)
report that inter-generational communication helps overcome age barri-
ers, while West et al. (2019) postulate technology education for closing
the gender gap.

2.2. Adoption and application domains of LLMs

LLMs have been rapidly adopted and have sparked innovation in
professional and non-professional contexts alike. For instance, business
professionals harness LLMs to automate customer service and provide
personalized customer recommendations (Paul et al., 2023). Likewise,
researchers use LLMs to analyze and synthesize potential participant re-
sponses (Hamaldinen et al., 2023; Von Der Heyde et al., 2025) as well
as to design and analyze proteins (Lin et al., 2023; Madani et al., 2023).
LLMs can assist in coding tasks (Zan et al., 2023), learning (Kasneci et
al., 2023), idea generation (Shaer et al., 2024), user research (Schmidt
et al., 2024), and more. Integrating LLMs into work processes can sig-
nificantly increase efficiency (Brynjolfsson et al., 2025; Eloundou et al.,
2023) and often, perceived accomplishment (Kobiella et al., 2025). A
2025 report on ChatGPT usage shows a predominance of practical infor-
mation, seeking information, and writing, but there are also occurrences
of coding, relationships and personal reflection, and games and roleplay
(Chatterji et al., 2025). Although the usefulness of LLMs varies by task
and profession, the adoption of generative Al technologies places new
demands on the skills needed in many sectors of the labor market (e.g.,
Broecke (2023)) and has also been reported as a reason for recent lay-
offs. Conversely, this means that people who do not use generative Al
(including LLMs), or are inefficient in doing so, will not be able to com-
pete in the long run, resulting in an economic disadvantage. Prior work
investigating prompting challenges and metacognitive demands further
highlights the challenges for less experienced users (Knoth et al., 2024;
Zamfirescu-Pereira et al., 2023; Tankelevitch et al., 2024). Beyond pro-
fessional use, equitable promotion of LLMs is important from a universal
design perspective (Abascal and Nicolle, 2005; Stephanidis et al., 2001).

In this context, our analysis of adoption barriers, typical usage sce-
narios, and differences between novice and expert users sheds light on
priorities for supporting effective use across domains and experience lev-
els. Notably, it serves as a basis for designing widely accessible interfaces
and context-dependent scaffolds.

3. Method

We studied the adoption of LLMs across socio-demographic
groups with two waves of an online survey deployed in 2023 and
2025. We also collected typical usage scenarios and reasons for
not using LLMs (adoption barriers). The procedure for the survey
was approved by the local ethics committee. The measures and
dataset are available on OSF: https://osf.io/bdn9p/overview?view_
only =1fb6886d66154c519da4e05f529d632e.

3.1. Hypotheses and pre-registration

To reiterate, there are age differences in technology adoption (Morris
and Venkatesh, 2000; Venkatesh et al., 2003) and men are more likely to
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adopt new technology than other genders (Koivisto and Hamari, 2014;
Tubadji et al., 2021; Venkatesh and Morris, 2000; Venkatesh et al.,
2003). The interaction of gender and age is important but not well-
studied (Venkatesh et al., 2000). In some studies, gender differences
are amplified with age (Morris et al., 2005), which may be explained
by younger persons identifying as male expecting higher performance
and older persons identifying as female expecting new technology to
be higher effort (Venkatesh et al., 2003). However, note that this in-
teraction may be specific to new technologies and might not hold for
established digital systems (Koivisto and Hamari, 2014).

Thus, we predict the following relationships between gender, age,
and LLM usage for our survey:

H1: Men are more likely to use LLMs than people of other genders.

H2: Younger age groups are more likely to use LLMs than older age
groups.

H3: There is an interaction effect of gender and age on the likelihood
of using LLMs.

These hypotheses were first preregistered in 2023 (https://
aspredicted.org/hz39-xkyb.pdf); we also re-use them when addressing
research question 1 of the preregistration for the 2025 follow-up (https:
//aspredicted.org/37tb-v6j7.pdf). We also pre-registered exploratory
analyses of LLM usage scenarios and adoption barriers. Given the ex-
ploratory nature, we did not formulate hypotheses for this latter part of
the analysis.

3.2. Participants

In April 2023, we recruited a U.S. sample of 1500 adults aged 18
years or older with a quota sample matched to the U.S. population
in terms of gender, age, and ethnicity on Prolific (maximum size for
Prolific’s “representative” U.S. samples in 2023). One revoked con-
sent, two were bot-like responses, and two failed an attention check.
Excluding these, we analyzed data from 1495 respondents. In January
2025, we re-invited the same respondents, and 970 (65%) also com-
pleted the second wave (no obvious bot answers or failed attention
checks). Table 1 summarizes the demographic characteristics of the
2023 and 2025 respondents. In 2023, age ranged from 18 to 93 years
(M = 45.80, SD = 15.79). In 2025, age ranged from 21 to 85 years
(M =49.36, SD = 15.12).

3.3. Procedure

The survey queried socio-demographics such as occupation, house-
hold income, political stance,! and educational background, including
whether the respondents’ major or minor is or was related to technology.
Following a brief explanation of LLMs and a list of common examples,?
respondents then reported if they had ever used an LLM. We did not
differentiate by type of LLM. If they had, we asked for their usage fre-
quency, self-assessed perceived competence, and usage scenarios. If not,
we asked for envisioned usage scenarios and their reasons for not using
LLMs. A full list of measures is provided on OSF. The median com-
pletion time was 4:15min in 2023 and 4:10min in 2025. The survey
was implemented using Qualtrics. Participation was compensated with
£0.72.

1 Note that not all measures were analyzed in this paper but were added for
consistency with demographic research, e.g., as conducted within the European
Social Survey project https://www.europeansocialsurvey.org/methodology/
ess-methodology/source-questionnaire.

2 See Section B.1 for the description text. To maintain consistency between
waves, we did not update the description.
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Table 1

Demographic characteristics of the survey sample in 2023 and 2025. Note that
with the 2-year gap between the waves, the average age naturally increased, and
some respondents obtained additional degrees.

Socio-demographic group #2023 %2023 #2025 %2025 A%
Age group

18-24 137 9.2% 36 3.7% —5.6%
25-34 326 21.8% 176 181%  —3.7%
35-44 253 16.9% 179 18.5% 1.5%
45-54 248 16.6% 173 17.8% 1.2%
55-64 325 21.7% 227 23.4% 1.7%
65+ 206 13.8% 179 18.5% 4.7%
Gender

Male 721 48.2% 459 47.3% —0.9%
Female 759 50.8% 502 51.8% 1.0%
Non-binary 11 0.7% 7 0.2% 0.0%
Prefer not to disclose 2 0.1% 1 0.1% 0.0%
Prefer to self-describe 2 0.1% 1 0.1% 0.0%
Ethnicity

Asian 87 5.8% 52 5.4% —0.5%
Black 190 12.7% 100 10.3%  —2.4%
Mixed 29 1.9% 20 2.1% 0.1%
White 1167 78.1% 784 80.8% 2.8%
Other 22 1.5% 12 1.2% —0.2%
Data expired 0 0% 2 0.2% 0.2%
Highest Education Level

Some high school or less 6 0.4% 5 0.5% 0.1%
High school diploma or GED 181 12.1% 118 12.1% 0.1%
Some college, but no degree 273 18.3% 158 16.3% —2.0%
Associates or technical degree 192 12.8% 132 13.6% 0.8%
Bachelor’s degree 557 37.3% 360 37.1% 0.1%
Graduate or professional degree 284 19.0% 196 20.2% 1.2%
Prefer not to say 2 0.1% 1 0.1% 0.0%

3.4. Data analysis

We apply Bayesian regression and inductive coding: For modeling
LLM adoption, we used Bayesian linear mixed models with a logit link
function for binary outcomes and a cumulative probit link function for
ordinal outcomes. We estimated odds (ratios) and quantified uncertainty
based on the information in our data and the priors applied. We used
the R package brms (Biirkner, 2017) for modeling, a wrapper for the
STAN sampler (Carpenter et al., 2017). We computed 4 Hamiltonian
Monte-Carlo chains with 40,000 iterations each and 20% warm-up sam-
ples. We calculated p, as the relative proportion of posterior samples
being zero or opposite to the median (meaningful effect: p, < 2.5%).
This quantifies the proportion of probability that the effect is zero or
opposite given the data observed. We calculated the median and the
Highest-Density Interval (HDI) at 95% of the posterior distribution for
all parameters, which indicates the plausible range of effects given the
data. We run posterior predictive checks to analyze interaction effects.
All regression models with gender as a predictor only include respon-
dents declaring themselves to be male or female because the numbers of
other genders were too low for reliable numeric assessments; however,
the OSF repository includes a full descriptive summary of LLM usage.

For categorizing usage scenarios and reasons for not using LLMs, we
inductively coded the open-ended responses. Rater 1 screened the data
to define initial categorization schemes. Raters 1-6 then each coded a
part of the data. Each item was coded by at least two different raters.
Conflicts were resolved by a third independent rater or through a dis-
cussion between two raters, respectively. In 2025, we created two new
emerging categories: (beta) testing of LLMs and organization and schedul-
ing and improved the classification of generative scenarios with a new
category generation in unspecified contexts, which we retrospectively also
applied to the 2023 data (62 responses updated). Invalid responses were
removed, for example, “N/A” and those that clearly do not answer the
question (e.g., “To help make searching for information easier” as a
reason for not using LLMs). This concerned 24 responses in 2023 and
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5 in 2025. More details on the rater distribution, coding procedure, and
interrater reliability are listed in Section Appendix B.2.

4. Results

First, we analyze usage and usage frequency in 2023 and 2025 as
a function of age and gender to address hypotheses H1-H3. We then
explore perceived competence and technology education as potential
mediating factors. Finally, we summarize usage scenarios and reasons
for not using LLMs.

4.1. Age, gender, technology education, and LLM usage

Overall, 41.5% of respondents reported having used an LLM in 2023
and 82.3% in 2025. Below, we report results of regression models for
2023 and 2025 to address H1-H3 separately for the two waves (Table 2).
Additional joint models including the year as a predictor for binary usage
(Tables A.7 and A.8) and usage frequency (Table A.9) are provided in the
appendix. Note that the joint models should be regarded with caution,
as they are is overly conservative in finding effects due to the reduction
in sample size from 2023 to 2025 by about —35%. We denote results for
women with @ and for men with &.

GENDER. In 2023, we found a large gender gap with female respon-
dents being less likely to have used LLMs than male respondents. (@ =
343% < 3 = 49.1%; AGender = —14.8%, p, = 0.3%). Considering us-
age frequency for respondents who had used an LLM, we again found
a relatively large difference concerning gender (e.g., >once a month:
3 = 72.0%, @ = 56.1%; p, = 0%). Thus, the results support H1 for male
and female respondents.

In 2025, we found no significant gender differences for LLM usage:
Q = 80.0%, & = 84.5%, AGender = —4.4%, p, = 12.6%. However, male
users were more frequent users than female users (e.g., > once a month:
Q = 672%, 38 = 77.1%, p, = 0.0%), see also Fig. 2. In sum, the results
do not support H1 for binary usage persisting in 2025, but the gender
differences are consistent across surveys for frequency of use.

AGE. There was also a decrease in usage as a function of age group
in 2023, with groups of older users being less likely to have used LLMs
than younger users (18-24: 58.4%, 25-43: 53.7%, 35-44: 44.7%, 45-54:
40.7%, 55-64: 29.8%, 65 +: 29.1%; all pairwise comparisons of posterior
predictions are distinguishable at p, < 2.5%, except the comparisons of

Table 2

Regression analysis. Odds with highest-density interval (HDI) (95%) and p, for
the usage of LLMs for two models. All variables are reference-coded (comparison
female, 18-24, and no education in technology). Interaction effects are rendered
as the ratios of odds ratios. Priors are on the log(odds) raw scale of the b-weights
in the regression. We used a normal distribution with a mean of 0 and standard
deviation of 1 as a prior for all models (normal(0, 1)).

Predictors LLM usage 2023 LLM usage 2025
(Odds) HDI(95%) p, (Odds)  HDI (95%) Py
ratio ratio

Intercept 0.90 0.61-1.32 29.0% 5.12 2.62-10.47 0.0%

(female; 18-24)

Gender (male) 2.02 1.21-3.38 0.3% 1.55 0.74 - 3.36 12.6%
25-34 0.87 0.54-1.41 29.2% 0.93 0.41 - 2.08 42.6%
35-44 0.51 0.30-0.85 0.5% 1.05 0.46 - 2.39 45.4%
45-54 0.60 0.36 -1.00 2.4% 1.07 0.47 - 2.45 43.2%
55-64 0.40 0.24-0.65 0.0% 0.77 0.35-1.63 25.0%
65+ 0.43 0.25-0.75 0.1%  0.47 0.21-1.01 2.7%
Gender x 25-34  1.03 0.53-1.97 47.0% 277 0.91 -9.02 3.7%
Gender x 35-44 1.49 0.77 -2.97 12.6% 0.72 0.27 -1.92 25.4%
Gender x 45-54  0.83 0.42-1.65 29.6% 0.99 0.36 - 2.77 49.4%
Gender x 55-64  0.74 0.38-1.44 19.0% 0.66 0.26 - 1.64 18.5%
Gender x 65+ 0.57 0.27-1.19 6.8% 0.74 0.30 - 1.85 26.1%
n 1480 961

R? 7.1% 3.6%

International Journal of Human - Computer Studies 217 (2027) 103922

the neighboring categories 18-24 to 25-34, 35-44 to 45-54, and 55-64
to 65+). In sum, the initial usage of LLMs becomes less likely in rela-
tively older age groups. Interestingly, self-reported usage in middle-aged
groups using LLMs was more frequent than in young adults (55-64 >18-
24: p, = 1.90%; 55-64 >25-34: p, = 1.07%; 45-54 >25-34: p, =
1.56%, all other p, >2.5%). Thus, the results support H2 in terms of
binary adoption but only partially for usage frequency.

In 2025, there were smaller differences between age groups for LLM
usage: 18-24: 88.9%, 25-34: 88.1%, 35-44: 84.9%, 45-54: 86.7%, 55-
64: 79.7%, 65+: 71.5%. Accordingly, p, was > 2.5% for most pairwise
comparisons, except 18-24 compared to 65+ (p, = 0.6%), 25-34 to
55-64 (p, = 0.2%), and 25-34 to 65+ (p;, = 0.0%). Pairwise comparisons
of age groups showed more frequent use for the age groups 35-44 in
comparison to 18-24 (p, = 2.4%), 45-54 in comparison to 18-24 (p, =
0.4%) and 65+ (p, = 0.8%), and 55-64 in comparison to 18-24 (p, =
0.8%) and 65+ (p, = 2.4%), all other p, > 2.5%). Thus, the results no
longer support H2 for age groups in 2025; usage frequency even shows a
reverse relationship for the youngest age group in comparison to middle-
aged users.

GENDER X AGE.  Figs. 3(A) and (B) depict the shares of LLM users by
GENDER and AGE in 2023 and 2025, and Fig. 2 illustrates the usage
frequency of all LLM users by GENDER and AGE.

In 2023, there was a larger share of male than female users in all
age groups. The gender discrepancy was especially large for users be-
tween 18 and 54 years (18-24: AGender = —16.2%, p, = 0.3%; 25-34:
AGender = —18.0%, p, = 0.0%; 35-44: AGender = —27.5%, p, = 0%; 45-
54: AGender = —12.5%, p, = 2.0%) but not in old age (55-64: AGender =
—8.6%, p, = 44%; 65+: AGender = —2.72%, p, = 31.3%). Considering
usage frequency, the gender gap was only present for young and middle-
aged users (18-24: p, = 0.6%; 25-34: p, = 1.2%; 35-44: p, = 0.1% but
not for 45-54: p, = 7.1%; 55-64: p, = 33.8%; 65+: p, = 8.4%), largely
mirroring results on binary usage. Thus, in 2023, the results support H3:
The gender gap is most salient for young and middle-aged parts of our
sample, while it is not present for older respondents.

In 2025, the only gender difference for general usage distinguishable
from posterior predictions was for the age group 25-34 (AGender =
—15.1%, p, = 0.1%). For usage frequency, the gender gap was present
for the age groups 34-44 (p, = 0.0% and 55-64 (p, = 0.3%). Thus, H3 is
only partially supported for 2025.

Technology-related higher education. ~We selected male and female re-
spondents with a college degree (1,3 = 836, n,5,5 = 554) and compared
LLM usage depending on their discipline (technology-related or not). We
also added an interaction term (GENDER X EDUCATION) to the statistical
model.

Of all college graduate respondents in 2023, a technology-related
major or minor among respondents with a college education is associ-
ated with higher usage rates (66.4% vs. 35.2%, p, = 0.0%). We found a
similar pattern with regard to gender, age group, and their interaction
as before for the 2023 data; see Table A.8. However, the gender gap was
only present for respondents who did not have a technological field of
study (technological: ¢ = 66.2%, 8 = 66.3%, AGender = —0.1%, p, =
33.1% <; non-technological: @ = 28.4%, 8 = 44.4%, AGender = —15.9%,
pp < 0.1%), see also Fig. 3(C).

In the model for 2025, a technology-related major or minor among
respondents with a college education is associated with higher usage
rates (90.5%, vs. 82.8%, p, = 2.5%). Again, we find no gender gap for re-
spondents in a technological field (technological: @ = 93.3%, 8 = 89.3%,
AGender = 4.0%, p, = 31.4%), see also Fig. 3(D).

4.2. Perceived competence

We asked respondents to self-assess their perceived competence in
using LLMs, with the five categories defined in Dreyfus and Dreyfus
(2005), see Fig. 4. In 2023, 38.8% (243) respondents selected “Novice”,
23.2% (145) “Advanced Beginner”, 28.9% (181) “Competent”, 8.1%
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(51) “Proficient”, and only 1.0% (6) “Expert.” In 2025, 21.6% (171)
of respondents selected “Novice”, 23.5% (186) “Advanced Beginner”,
39.0% (308) “Competent”, 15.3% (121) “Proficient”, and 1.5% (12)
“Expert.” Thus, we observe an overall shift toward higher levels of per-
ceived competence. To gain an understanding of perceived competence
as a function of demographics, we looked at the effect of gender (the
number of experts in old age groups was too low to warrant a more
fine-grained analysis on AGE). We found that male respondents rated
themselves more proficient than female respondents (2023: p, = 0.3%,
2025: p, = 0.0% in an ordinal model).

4.3. Usage scenarios

LLM users’ open-ended responses on typical scenarios give insights
into the appropriation process and established habits. Table 3 summa-
rizes the inductively derived usage scenario categorization and example
responses from LLM users to the question What are typical tasks or sce-
narios where you use large language models? The examples span a wide
range from professional applications to entertainment. The most preva-
lent scenarios were text generation in formal contexts and information
retrieval. A number of respondents were also simply testing the capabil-
ities of LLMs. Some respondents mentioned very precise use cases, €.g.,
summarizing clinical studies (U,334) or writing product descriptions for
an Etsy store (U,3338). We also found 15 (2023) and 37 (2025) explicit
mentions of “recipe.” Interestingly, several respondents had used LLMs
in the context of surveys or user studies. In some cases, it was clear that
LLMs were a part of a survey. However, responses like the one given by
U,3377 indicate that LLMs are also employed to automate study partic-
ipation. Notable differences between 2023 and 2025 include the strong
decline in “trying it out” and entertainment and the increasing share of
LLMs for information search and editorial tasks.

As a second step, we performed an exploratory regression analysis
predicting the occurrence of selected scenario categories depending on
expertise levels across both waves (cf. Section 4.2). We expected that ex-
perts would be more likely to use LLMs in professional contexts, while
non-targeted use would be more likely for novices. Because there were
only 16 and 169 users across both years who rated themselves as experts
and proficient, respectively, we merged the top three perceived compe-
tence levels into Competent, Proficient & Expert (n = 666) for comparing
scenario categories to those mentioned by Novice users (n = 401). Table 4
shows that proficient users were more likely to mention scenarios cat-
egorized as generation of formal texts, information gain, and coding,
while novice users were more likely to try them out. Entertainment was
more frequent for novices.

In our OSF repository, we provide additional descriptive statistics
and regression models predicting the most salient usage scenarios based
on the year, respondent age, and gender. These analyses showed very
few differences between user groups and had low explanatory power.
Notable differences were found for formal generation scenarios, which
female respondents (31.9%) mentioned more frequently than male re-
spondents (23.2%; p, = 0.0%; combined over both years). Coding was
more prominent for male respondents (7.5% compared to 2.6%; p, =
1.4%).

4.4. Adoption barriers

Table 5 summarizes the coded reasons for not using LLMs, reveal-
ing barriers to adoption. The most frequently mentioned theme in both
2023 and 2025 was a lack of interest or need to use LLMs, closely fol-
lowed by a lack of knowledge of LLMs and their usage, and a lack of
opportunities. Several respondents also mentioned a preference for hu-
man writing and creativity, as well as concerns regarding plagiarism,
cheating, accuracy, and the ethics of Al Thus, non-users consider both
individual and societal aspects. Note that this exploratory analysis re-
lies on open-ended responses. There may be additional reasons for each
respondent that they did not mention.
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In our OSF repository, we again provide additional descriptive statis-
tics and regression models predicting the most salient adoption barriers
based on the year, respondent age, and gender. As with usage scenar-
ios, these analyses showed very few differences between user groups
and had low explanatory power. Female respondents more frequently
reported a lack of knowledge (23.2% compared to 16.4%; p, = 0.0%;
combined over both years) and were less likely to mention accuracy
concerns (4.6% compared to 7.9%; p;, = 1.3%).

5. Discussion

Equitable technological transformation and accessibility are
paramount challenges in the digital transformation of society: Specific
demographic profiles are left out, and this raises the question of digital
inequality (Robinson et al., 2015). Our analysis guides researchers in
detecting and mitigating inequalities in LLM adoption and in design-
ing for diverse usage scenarios in professional and non-professional
contexts. Moreover, it highlights which demographic profiles need
prioritized support considering the fast-paced development of LLMs.

5.1. Demographic patterns in LLM adoption

In an age-, gender-, and ethnicity-matched quota sample of the U.S.
population, we found substantial socio-demographic differences in LLM
use in 2023, which shifted by 2025. Initially, a clear gender gap (H1)
and age effect (H2) characterized adoption patterns: Female gender and
older age were associated with a decreased likelihood of having used
LLMs, in line with related findings on LLMs (Humlum and Vestergaard,
2025; Bouzar et al., 2024), but also previous disruptive digital technolo-
gies such as the World Wide Web (Robinson et al., 2015) or immersive
media (Felnhofer et al., 2012). By 2025, however, adoption had acceler-
ated across all groups. Gender differences in whether respondents used
LLMs had largely disappeared (2 = 80.0%, 8 = 84.7%) in our sample,
with only the 25-34 age group showing a remaining gap. Still, male
users reported higher frequency of use and greater perceived competence,
suggesting that while access has equalized, intensity and confidence in
use remain uneven; see also Chatterji et al. (2025).

Age-related differences likewise diminished. Whereas in 2023, adop-
tion dropped steeply in older cohorts, by 2025 usage was high across age
groups. This shift undermines the notion of a stable “age barrier:” Initial
inequalities in adoption are quickly reduced, with middle-aged adults
sometimes even reporting more frequent use than the youngest group.
Thus, H2 is supported for the early phase of adoption but no longer
holds in 2025, indicating that age effects may be transient in disruptive
technologies (Morris and Venkatesh, 2000; Venkatesh et al., 2003).

The interaction of gender and age (H3) also evolved. In 2023, the
gender gap was most pronounced among younger and middle-aged
adults but absent in old age, supporting earlier observations of com-
plex age x gender effects (Morris et al., 2005; Venkatesh et al., 2000).
By 2025, this interaction had largely collapsed, with only the 25-34 co-
hort showing a significant gender difference in adoption. This suggests
that early adoption dynamics followed known interaction patterns but
quickly attenuated as LLMs diffused more widely.

Education continues to play an important role in adoption. In both
2023 and 2025, respondents with a college-level technology major or
minor were substantially more likely to have used an LLM than those
without such training. Importantly, gender gaps were virtually absent
among respondents with a technology background, while they persisted
in non-technical fields. This underscores that technology education not
only boosts overall adoption but also mitigates gender disparities, echo-
ing calls from international organizations such as OECD and UNESCO
to close gender divides through digital skills education (UNESCO, 2022;
West et al., 2019).

Finally, we found consistent differences in perceived competence:
Male users rated themselves as more proficient than female users in
both survey waves. This competence perception gap persisted despite
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Table 3

Usage scenario categorization: number of mentions per scenario category (multiple categories per response possible) and share of respondents mentioning this

scenario (n,y,; = 626, 1,55 = 798).
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Description Examples 2023 2025
# % # % A

Information gain Mostly for information on gardening and how to grow certain plants. 200 31.9% 338  42.4% 10.4%
searching, researching, asking questions, solving (Uy;62) [...] I will also ask questions where I just want a quick, fast
math problems, data analysis answer. (U,565)
Generation in unspecified contexts asking it to write something for me (U,3237); I utilize it to help with 34 5.4% 35 4.4% -1.0%
Asking the LLM to write a text writing tasks primarily. (U,5396)
Generation in formal contexts Assisting me in writing emails (U,386); I refer to Chat GPT to create prod- 170 27.2% 219 27.4% 03%
Asking the LLM to write a formal text (e.g., an uct descriptions for me to help my Etsy store. [...] (Uy;338) To rewrite my
email, resume, assignment, blog entry), usage for resume or draft a cover letter. (U,582)
work and school. Not generating ideas
Generation in creative contexts [...] Creating prompts for other AI technology like Midjourney. (U,;88); 138 22.0% 148 18.5%  —3.5%
Creative writing (books, poetry, fictional texts, but Design ideas. (U,555); Writing short stories, want to get a basis to build on
not jokes) and generating ideas (incl. for formal (Uy5727)
use). Image generation and prompt generation for
other LLMs
Trying it out i honestly just wanted to try it out because you hear so much about them 73 11.7% 34 4.3% —7.4%
Trying an LLM out, “only used it once”, experiment- in the news (Uy;24); Ask questions to see how biased it is (U,5550)
ing with prompts
Entertainment For entertainment (e.g., “write me a song”) with friends; (U,;142); It 56 8.9% 25 3.1% -5.8%
Writing jokes, “just to play around with it” helped me generate scenarios for a roleplaying game. (Uy;274); [...] when

I wanted to talk to it for fun (U,5194)
Coding Getting help writing scripts and other code. [...] (U,;454); Designing 40 6.4% 35 4.4% -2.0%
Coding and debugging, asking for programming warehouse and IT tasks for AWS. (U,;54); [...] Coding assistance
support, training an Al model (Uy;318)
Summarization & Explanation I will typically use them to summarize clinical studies and scientific 37 5.9% 51 6.4% +0.5%
Summarizing, paraphrasing, simplifying, or asking studies. (Uy334); I use them to explain concepts when I want to com-
for explanations of a topic. Not information gain or pare different ideas that I am not an expert on. (U,326) [...] create text
instructions summaries for work. (U,s448)
Recommendation Create playlists, theoretical hockey teams, beer recipes (U,;119); Ask 36 5.8% 78 10.0%  +4.3%
Suggestions or recommendations for travel destina- them to give me a workout tip. (U,;570); Asking for advice or suggestions
tions, movies, actions to take, etc. Not requesting (U,5487)
ideas
Messaging & Social Media To create content for social media. (U,3280); I used it to help write my 34 5.4% 39 4.9% -0.5%
Informal social media posts or messaging content. christmas letter. I also use it routinely to write social media posts for work.
Not emails or blogs (U,5470)
Chatting with AI chatbots on websites (U,;233); Get “moral support” by expressing my 23 3.7% 33 4.1% +0.5%
Discussing or interacting with a chatbot issues and getting a response even if it’s not from a human. (U,;100); Role

play (U,5264);
Editorial [...] summarize or expand texts, and adapt the style or tone of a text. 23 3.7% 102 12.8%  +9.1%
Proofreading, suggesting edits to a text (excl. code), (U,3424); for my homework assignments to rewrite my answers better
rewriting something (U,3518); Rephrasing emails for work [...] (U,s647)
Language Support I'm learning to speak Spanish and I use it to help me translate Spanish 21 3.4% 18 2.3% -1.1%
Translating or transcribing text, learning a language, to English when I'm stumped. (U,3422); [...] Thesaurus substitute [...]
explaining words or phrases (U,5455)
Organizing & Scheduling Research and planning and scheduling (U,5624); I use it when I want to 12 1.9% 26 3.4% 1.5%
Planning tasks, scheduling get my thoughts together on a subject. (U,5629)
Studies (tasked) Working on surveys with AI prompts on Prolific (U,;372); Engaging with a 12 1.9% 26 3.3% +1.3%
Participation in a study where the use of LLM was a study that asks me to use one. (U,5676)
part of the study
Studies (unclear) Answer an open ended basic question on a survey, like, how do you feel 7 1.1% 10 1.3% +0.1%
Using an LLM to answer questions in a study (not today? (U,3377); Only in conjunction with surveys (U,s220)
tasked or ambiguous regarding if tasked)
(Beta) Testing LLMs I chat with an Al that is in beta mode so its developers can collect con- 6 1.0% 16 2.0% +1.0%
Contributing to LLM training on crowdwork versations to improves the AI’s functionality. (U,;2); [...] I also do
platforms remote/part-time work training and annotating LLMs. (U,5230);
Ambiguous I don’t use them (U,;391); Reading Facebook post (U,;433); In 40 6.4% 20 2.5% -3.9%

Unclear, ambiguous, or incomprehensible scenarios,
indicating they haven’t used an LLM (despite survey
branching), suspected LLM-generated responses

completing tasks (U,;490); assist with calls and info (U,5411)
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Table 4

Relative frequency and frequency difference of responses from the different us-
age scenario categories and analysis of Bayesian logistic regression models, for
novice vs. competent, proficient, and expert users across the combined 2023 and
2025 data. Based on paired differences of 4000 draws from the posterior distri-
butions, we report the highest-density interval (95%), the respective odds ratio,
and p,. The prior for each model was normal(0, 1).

Category Novice Competent A HDI (95%) Odds p,

— Expert ratio
Information gain ~ 31.4%  41.4% 10.0% 1.19-1.98 1.53 0.1%
Generation formal 21.5%  31.4% 10.1% 1.25-2.20 1.65 0.0%
Trying it out 14.5% 3.8% -10.7% 0.16-0.40  0.25 0.0%
Entertainment 9.4% 4.1% —5.3% 0.27-0.71 0.44 0.1%
Coding 1.4% 8.4% 6.8% 2.41-10.24 471  0.0%

the convergence in adoption rates, highlighting a remaining barrier
for equitable use. However, it does not necessarily indicate actual skill
differences: Prior work has identified similar patterns with women as-
sessing their skills as lower than men even at similar performance levels,
for example, in computing education (Hunt et al., 2022). Nonetheless,
it may negatively affect persistence (Hunt et al., 2022). As Al systems
become more integrated into working life, these differences in intensity

Table 5
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and confidence of use may translate into new forms of inequality unless
addressed through human-centered design and Al-focused education
(Zamfirescu-Pereira et al., 2023).

Our demographic patterns of younger, more educated, and male
users adopting earlier are in line with cross-sectional findings from this
period (Kacperski et al., 2025; Baek et al., 2024; Sawalha et al., 2024;
Sudrez and Garcia-Marifioso, 2025), though prior studies relied on non-
quota or single-wave samples. What our longitudinal design adds is
evidence that these early disparities were transient for binary adoption
but persistent for usage frequency and self-assessed expertise, suggest-
ing that studies measuring only whether people have tried LLMs may
underestimate ongoing inequalities in who benefits from LLMs.

Our findings can be interpreted through three established theo-
retical lenses of technology adoption. First, Diffusion of Innovations
theory (Rogers, 2003) predicts that demographic gaps in adoption are
temporal rather than permanent, reflecting the gendered topology of
early-adopter networks rather than intrinsic differences. Our longitudi-
nal data confirm this: The initially larger male representation among
users in binary adoption largely dissolved as LLMs moved from early
adopters into the mainstream.

Second, the Technology Acceptance Model and UTAUT (Venkatesh
et al., 2000; Venkatesh and Morris, 2000) offer a complementary
mechanism, showing that men’s adoption tends to be driven more by

Categorized results of the 850 (2023) and 167 (2025) valid open-ended responses from non-users for the question What are your reasons for not using large language

models? Statements could be categorized under multiple themes.

Theme Examples 2023 2025 A
# % # % %
No need for LLMs or no interest in [...] 'm sure I'm using Al daily in other ways, but LLM aren’t something I have seen a need 227  26.6% 65 38.9%  +12.3%
using them for in my daily life at this point. (N,;732); I do not need to in my day to day life. (N,5142)
Lack of knowledge about LLMs My lack of knowledge on how to use one as well as my lack of need for one at the moment. 182 21.4% 25 15.0%  —-6.4%
(N3863); I don’t fully understand it’s purpose or the ways in which it could benefit me. Lack
of knowledge. (N,;721); I don’t understand how they work so I don’t use them. (N,5101);
Don’t know enough about them (N,5120)
Lack of opportunity or time I have never tried it before, but I am willing to look in to this (N,;205); Haven'’t yet had the 125 14.7% 18 10.8% -3.9%
opportunity (N,5111)
Preference for human writing and I am a good writer and am pretty efficient at putting my thoughts into words (N,;288); I 71 8.3% 25 15.0% +6.7%
thinking think i am pretty good at writing on my own. I enjoy the actual task of writing and re-writing
a letter or a story. (N,5129)
Ethics and values, not feeling 1 think it is a scary technology that could be a problem for our democracy. We will not be 57 6.7% 20 12.0% +5.3%
comfortable using them able to distinguish real/fake or true/untrue. (N,3584); It just makes feel uneasy. I don’t
have a clear idea of where this is taking us. (N;83); Afraid that Al is going to take our
civilization in dangerous directions (N,5149)
Accuracy & quality concerns, bias I don’t trust them to actually be accurate and they aren’t able to accurately convey the hu- 53 6.2% 8 4.8% -1.4%
man’s emotion (N,;88); I might not use them when I needed accurate answers. As of now,
these models are not capable of always providing the correct answers to prompts. (N,;317);
Cost and fear of not getting quality results. (N,5165)
Plagiarism & cheating If I was to do a paper for a class in school, I wouldn’t want to use it because it wouldn’t be 39 4.6% 3 1.8% -2.8%
my own work. (N,;335); It seems like cheating (N,597)
Lack of human touch & Because it’s not authentic human speech(writing) (N,;238); Too impersonal. I would prefer 38 4.5% 13 7.8% +3.3%
authenticity to talk to an actual person (N,;419); It will always lack the imperfect human touch. (N,594)
Cost and other access barriers No interest. I don’t want to create an account. (N;727); It would be expensive to use 33 3.9% 3 1.8% -2.1%
(N»3330); monthly subscription fees, and I already feel capable as a writer (N,593)
Privacy, trust, and abuse concerns It’ll be abused. For example, there are foreign companies that make money by scamming 31 3.6% 7 4.2% +0.6%
people (eg romance scams). [...] (N,;397); That data is collected from me (N,;590); Can
say incorrect things and person may believe it, harmful content, lack of control and security
(N,54); I do not trust Al or the companies behind it. (N,5119)
Lack of creativity and originality I can write original stuff, unlike people who use ChatGPT. (Ny;2); It’s not creative - you’re 13 1.5% 1 0.6% -0.9%
only regurgitating someone else’s work (N,;69); not original, not my work (N,564)
Inefficient and difficult usage I guess I am too lazy to learn how to use them efficiently. (N,;180); Googling is faster and 8 0.9% 4 2.4% +1.5%
easier (N,3440); difficult to use (N,5153)
Other / Unclear Old habits die hard (N,;920); haven’t used it not that I know of (N,;994); It is discouraged 55 6.5% 4 2.4 4.1%

in the workplace (N,580)
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performance expectancy while women’s is more strongly shaped by so-
cial influence and facilitating conditions. The convergence we observe
aligns with a period in which precisely these latter factors strength-
ened, through growing media coverage, institutional endorsement, and
embedding of LLMs into familiar consumer products.

Finally, Social Role Theory (Eagly and Wood, 2012) adds another
layer by predicting that technologies associated with mastery and com-
petitive advantage will show male-skewed early adoption, but that
professional identity can override gendered expectations. Our finding
that technology education virtually eliminates the gender gap supports
this: When both men and women identify as technology professionals,
the perceived fit between their role and LLM use is high, regardless of
gender.

Crucially, all three frameworks also help explain why appropriation
gaps persist after access has equalized. Diffusion theory lacks a mech-
anism for post-adoption intensity; UTAUT’s performance-expectancy
pathway may continue to favor groups socialized toward mastery and
competition; and Social Role Theory predicts that self-efficacy gaps will
lag behind access equalization (Hunt et al., 2022). This convergence in
access but persistence of gaps in confidence and use intensity echoes
the digital inequality literature’s distinction between first-level access
divides and deeper divides in skills and outcomes (Robinson et al.,
2015).

5.2. Usage scenarios and perceived competence

Unsurprisingly, our analysis of usage scenarios indicates that patterns
have consolidated. Notably, the share of respondents who mentioned
trying out and entertainment as a typical scenario decreased by 7.2% and
5.7% from 2023 to 2025, respectively. This also suggests that the nov-
elty effects typically observed when first trying a new technology have
worn off. Conversely, we see a surge in information search and editorial
tasks, with models increasingly recruited as first-line retrieval and syn-
thesis tools, effectively a search-engine substitute, consistent with recent
observations (Kaiser et al., 2025).

In absolute terms, the distribution is anchored by formal text pro-
duction and information seeking; creative generation remains present
but secondary. A long tail of scenarios (recommendations, sum-
marization/explanation, lightweight conversational support, organiz-
ing/scheduling, language support, coding, and study participation)
appears regularly but at lower absolute levels. Study participation is
comparatively stable across waves, though it is plausibly underreported
relative to core productivity tasks. Over time, there is a shift from
exploratory and hedonic use toward routinized, instrumental work-
flows: Editorial refinement transitions from a peripheral add-on to a
mainstream step in writing pipelines, while coding stays important
but relatively less central as adoption broadens beyond early technical
adopters. Overall, LLM interaction is less centered in open-ended explo-
ration and more embedded into everyday-tasks for reading, writing, and
decision-making. The findings also align with Chatterji et al.’s (2025)
analysis of ChatGPT messages, which resulted in 80% of the messages
being classified as practical guidance, seeking information, and writing,
although they highlight an increase in non-work versus work-related
conversations from 2024 to 2025.

We found clear differences in the usage scenarios novices men-
tion in comparison to more experienced users: more exploratory and
entertainment-focused and less productivity-oriented applications. Only
a small share of usage scenarios showed gendered use, notably, gen-
eration in formal contexts (higher for female respondents) and coding
(lower for female respondents).

5.3. Barriers to LLM adoption

The reasons for not using LLMs that respondents mentioned reveal
barriers to widespread adoption beyond quantified demographic fac-
tors. Not seeing a need was the most frequently mentioned reason for
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not using LLMs in 2023 and became even more prominent in 2025.
This indicates particularly slow adoption rates for these respondents.
Of course, adoption remains an individual decision. However, we also
expect interaction effects with a lack of knowledge or opportunity: not
knowing what LLMs are capable of can make it seem like there are
no relevant application areas, and a perceived lack of application ar-
eas creates no incentive to engage. Ethical considerations, values, and a
preference for human writing and thinking or the human touch were and
remained important reasons; to a lesser extent also accuracy and bias
concerns. Responses indicated patterns such as a need for autonomy in
writing and conversely, a feeling of being overruled by an Al Others
described using LLMs as cheating and promoting plagiarism. These per-
sistent barriers indicate a need for differentiated discussions that clearly
delineate implications across application contexts and tasks of LLMs.

5.4. Practical implications for understanding, designing, and educating on
LLMs

Overall, we see that adoption rates converge, but gaps in usage inten-
sity and perceived competence persist. Thus, the challenge increasingly
lies not in encouraging first use but in supporting effective use after-
ward. The exploratory and entertainment-oriented use that characterizes
novice users is not merely low-value interaction; it may be where users
develop initial mental models of LLM capabilities and build the prompt-
ing and evaluation skills that may later transfer to professional contexts
(Zamfirescu-Pereira et al., 2023). However, most current chat-based in-
terfaces present every user with the same blank text field, regardless
of experience or intent, which may lead to inaccurate mental models
(Brachman et al., 2025; Subramonyam et al., 2024) or a plateau at
superficial use. Our data suggest that many users do transition from ex-
ploration to instrumental use: entertainment and trying-out scenarios
declined substantially while productivity tasks surged, but interaction
designs that offer task-specific entry points or progressive disclosure
of capabilities could make this transition more efficient and equitable
by surfacing productive use cases earlier (Brynjolfsson et al., 2025).
Future research with longitudinal tracking of individual usage trajec-
tories would clarify where users get stuck and where such interventions
are most needed. In terms of adoption barriers that do remain, we rec-
ommend a focus on alleviating disadvantages that non-use may entail.
We also call for context-specific discussions of risks and potentials to
address ethical concerns and foster realistic expectations. For example,
presenting an LLM-generated essay as one’s own is clearly more prob-
lematic than asking an LLM to generate scenarios for a role-playing game
or requesting information on gardening (cf. Table 4.3).

Thus, our findings speak to several audiences. For LLM interaction de-
signers, the persistent gap between adoption and effective use suggests
that current one-size-fits-all chat interfaces under-serve less experienced
users; onboarding flows, task-specific entry points, well-matched analo-
gies, and provenance cues could lower the barrier from exploration to
productive use. Within educational contexts, interaction design could
focus on generating educational material and fostering student mo-
tivation (Kasneci et al., 2023) or on serving as personalized tutors
adapted to learner needs (Mollick and Mollick, 2023; Steinert et al.,
2024; Terzimehi¢ et al., 2026). For platform developers, the rapid shift
toward retrieval, synthesis, and editorial workflows implies that LLM
integration into existing productivity tools, where users already have
task context, may be more effective than standalone chat applications.
Mitigation options for accuracy issues also remain a key target. For Al
literacy educators, the divergence in usage scenarios and the self-assessed
expertise gap point to a need for training that goes beyond basic prompt-
ing and explicitly addresses output evaluation, appropriate reliance, and
task selection (Fernandes et al., 2026). Further analyses of users’ and
non-users’ mental models are important for identifying friction points
and laying the foundations for better guidance and interaction design.
For policymakers, the finding that gender gaps in adoption are virtually
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Table 6
Implications for HCI.
Type(s) Audience Implication
Methodology & HCI methods Adoption has converged; appropriation has
Theory researchers not. Measure/model usage intensity and self-
efficacy, not just access, to reveal benefit
gaps.
Policy, Practice Education Fund tech-oriented curricula and Al literacy
& Theory policymakers in schools and universities to raise use and

narrow gender gaps.

Use provenance/uncertainty cues and tu-
tor/coach modes to keep users in control
while building competence.

Integrate for routinized pipelines, e.g.,
(search — synthesis — rewrite) to stream-
line retrieval, drafting, and revision. Focus
on quality.

Differentiate training by proficiency; use
short, task-specific sprints and mentorship
to move from exploration to productive,
monitored use.

Design & Society UX designers

Design & Practice ~ Product leads

Practice & Policy L&D managers

non-existent for people with technology-related education trajectories
reinforces calls to expand access to technical curricula, particularly for
groups currently underrepresented in STEM fields (UNESCO, 2022; West
et al., 2019). Finally, for HCI researchers, our longitudinal data provide
insights into change patterns within demographic groups as a baseline:
future intervention studies can estimate potential effect sizes from our
data on adoption rates, usage frequencies, and scenario distributions
to study whether design or policy changes may move the needle on
equitable LLM use.

We summarize our implications in Table 6 using the taxonomy by
Van Berkel and Hornbak (2023).

5.5. Limitations

First, participants were recruited using Prolific’s quota-based sam-
pling to match U.S. population distributions for age, gender, and eth-
nicity. This approach constitutes non-probability sampling, as selection
probabilities are unknown and participation is based on panel availabil-
ity. Consequently, the sample may differ from the general population in
unobserved characteristics, such as technology experience or attitudes
toward Al Therefore, the absolute adoption rates within our quota-
based sample should be interpreted cautiously. Indeed, we observed
higher absolute adoption rates than related studies (Sidoti and McClain,
2025; Suérez and Garcia-Marifioso, 2025). However, comparisons of
adoption rates across waves remain informative as sampling biases are
likely consistent over time. Moreover, although our findings on socio-
demographic disparities align with broader work on digital inequality
(Robinson et al., 2015), their generalizability to non-U.S. contexts is lim-
ited. Future research should incorporate data from other countries and
cultural contexts, as the representation of different value systems and
opinions in LLMs (Santurkar et al., 2023; Durmus et al., 2024) and struc-
tural factors such as gender equality (West et al., 2019) may significantly
influence adoption patterns.

Second, our measures focused on self-reported adoption and per-
ceived competence. We did not assess detailed behavioral logs of LLM
use (for this, see Kacperski et al. (2025); Chatterji et al. (2025)), nor did
we capture domain-specific competence in applying LLMs (e.g., for cod-
ing, writing, or education). Self-assessment of competence is known to
vary systematically across gender and cultural groups, which may partly
explain observed disparities. Similarly, past work has identified gen-
der and age biases in self-reported frequency of technology usage, e.g.,
calls on mobile phones and web browsing (De Reuver and Bouwman,
2015; Vanden Abeele et al., 2013). Overall adoption rates may further
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have been influenced by how respondents interpreted LLM usage: for
example, increasingly frequent “accidental” encounters with Al sum-
maries in search engines may or may not have been counted. This change
in exposure may have increased overall reported usage rates in 2025
compared to 2023. Complementing self-reports with behavioral data and
longitudinal performance measures would allow for a more precise un-
derstanding of inequalities and for differentiating between deliberate
and involuntary forms of LLM usage.

Third, the thematic coding of usage scenarios focused on structurally
different tasks and is, thus, only partially insightful for analyses such
as comparing private versus professional usage. We refer readers to
works such as Chatterji et al. (2025) for a differentiation between pro-
fessional and non-professional use, albeit with less information on the
users’ demographics. Moreover, not all categories may be clearly distin-
guishable in all cases, which is also due to the short and sometimes
ambiguous answers that respondents gave. Future work could com-
bine usage logs and interviews to collect more details on individual
interactions.

Fourth, our analysis concentrated on age, gender, and education
as primary predictors, but other socio-demographic and psychological
factors are likely to play a role. For instance, constructs such as cul-
tural values (Lambiase et al., 2025) or broader technology affinity and
attitudes may account for additional variance in adoption (Novotny
et al., 2025; Wessel et al., 2019). Including such latent variables
in future studies will help disentangle structural from psychological
barriers.

Finally, while our longitudinal design allows us to compare two sur-
vey waves (2023 and 2025), this period may still be too short to capture
stable adoption patterns of a technology that is evolving at an unprece-
dented speed and arguably co-evolving with its users (Chaudhari et al.,
2025). In fact, several of our respondents mentioned that they worked
in model training and validation through crowdwork platforms. Results
should therefore be interpreted as indicative of early adoption dynamics
rather than long-term equilibrium. Continued monitoring of LLM usage
over extended time frames will be necessary to understand whether the
convergence in adoption across age and gender persists, and whether dif-
ferences in perceived competence and frequency of use close or widen
in the years to come.

6. Conclusion

Large language models disrupted the technology market within
a few months and are frequently used by people in the U.S. and
across the globe. They have enabled novel kinds of AI support in a
variety of professional and non-professional contexts alike. The sim-
ple chat-style interfaces promise equitable access. Our longitudinal
analysis, however, shows that adoption patterns have shifted rapidly
between 2023 and 2025. Whereas young males were the predom-
inant user group in the early wave, by 2025 gender and age dif-
ferences in whether people use LLMs had largely disappeared. This
indicates that initial socio-demographic barriers to adoption may be
transient.

Nonetheless, disparities remain in the frequency and intensity of
use. Male respondents continue to report higher usage frequency
and greater perceived competence, suggesting that equality in ac-
cess does not immediately translate into equality in confidence or
professional appropriation. Such differences are crucial, as proficient
users are more likely to benefit from efficiency gains in professional
contexts, potentially reinforcing inequalities for those who lag be-
hind. Education continues to play a central role: Respondents with
a technology-related background report substantially higher adoption
rates, and technology education largely eliminates gender differences in
usage.
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Therefore, we call for sustained efforts to support equitable LLM Table A.7
adoption and use. Important steps include strengthening technology ed- Regression analysis. Odds with highest-density interval (95%) and p,
ucation, promoting ethical and privacy-preserving practices, addressing for the usage of LLMs. All variables are reference-coded (comparison
inaccuracies and biases in LLMs, and designing human-centered in- female, 18-24, and 2023). Interaction effects are rendered as the ratios

of odds ratios. Priors are on the log(odds) raw scale of the b-weights in

terfaces that bring effective use for novices. Targeted support should
the regression. The prior used was normal (0, 1).

particularly focus on users from non-technical backgrounds, where

gender and confidence gaps persist. Predictors (Odds) ratio  HDI (95%) Dy
Future studies should ex.pand our ?nallys.es b.eyond t.he U.S. context to Intercept(female; 18-24; 2023)  0.91 0.62—1.34 32.%
account for cross-cultural differences in digital inequality and to develop Gender (male) 1.98 1.20 - 3.29 0.4%
globally relevant strategies for inclusive AI adoption. 25-34 0.79 0.50 - 1.27 16.7%
35-44 0.56 0.34-0.92 1.1%
CRediT authorship contribution statement 45-54 059 0.36 - 0.96 1.7%
55-64 0.41 0.25-0.65  0.0%
Fiona Draxler: Writing — review & editing, Writing — original 65+ 0.41 0.24-0.69 0.0%
draft, Methodology, Funding acquisition, Formal analysis, Data cura- Year (2025) 621 3231231 0.0%
ralt, 8Y> 8 acq » roIm: Ysis, cu Gender x 25-34 1.23 0.66-229  25.6%
tion, Conceptualization. Daniel Buschek: Writing — review & editing, Gender x 35-44 1.20 0.63 - 2.95 28.9%
Writing — original draft. Mikke Tavast: Writing — review & editing, Gender x 45-54 0.85 0.45-1.61 31.2%
Validation, Formal analysis. Juhi Kulshrestha: Writing — review & edit- Gender x 55-64 0.69 0.37-1.27  11.6%
. . e . ape ape - O
ing, Methodology. Robin Welsch: Writing — review & editing, Writing Gender x 65+ 0.62 033-1.18  7.4%
L. . L . Gender x Year (2025) 0.86 0.57 -1.29 22.7%
— original draft, Methodology, Funding acquisition, Formal analysis, 25.34 x Year (2025) 1.95 0.57 — 2.74 29.2%
Conceptualization. 35-44 x Year (2025) 1.26 0.58 - 2.73 27.8%
45-54 x Year (2025) 1.65 0.75 - 3.59 10.6%
Declaration of Al use 55-64 x Year (2025) 1.58 0.75 - 3.26 11.5%
65+ x Year (2025) 1.05 0.49 - 2.21 44.7%
During the preparation of this work, the authors used generative Al N 2441

tools, including OpenAl GPT-5 and Grammarly, to assist with editing, R2 20.9%
such as drafting sentences from bullets or refining text, or code and
polishing grammar and style. The authors take full responsibility for
verifying, reviewing, and editing all generated content, including text,
code, citations, and any outputs derived from these tools, and attest that
the final publication reflects their original intellectual contributions and  Tape A.8

is free from falsified, plagiarized, or misrepresented content. Regression analysis. Odds with highest-density interval (95%) and p, for the usage
of LLMs (respondents with college education only). All variables are reference-
Declaration of competing interest coded (comparison female, 18-24, 2023, and major/minor not related to tech-

nology). Interaction effects are rendered as the ratios of odds ratios. Priors are
on the log(odds) raw scale of the b-weights in the regression. The prior used was
normal(0, 1).

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

Predictors (Odds) ratio HDI (95%) Py
Acknowledgements Intercept(female; 18-24; 2023; no tech ed.)  0.63 0.36 -1.11 5.5%
Gender (male) 2.20 1.11 - 4.38 1.1%
This work was supported by the European Research Council (ERC) 25-34 0.92 0.48 -1.76 40.2%
under the European Union’s Horizon Europe research and innovation 35-44 0.74 0.38 - 1.44 18.9%
programme under grant agreement No. 101217557 (AmplifAI) and the ;2’:2 8'3? 8'2? - (1)'% (1)1"5:/"
) . . . — B .21 - 0. .4%
European Union’s Horizon 2020 research and 1nnoYat10n progr?n.lme 65+ 0.64 0.32-1.28 10.2%
under grant agreement No. 952026 (Humane AI). Views and opinions Year (2025) 9.53 457-20.36  0.0%
expressed are however those of the author(s) only and do not necessarily Gender x 25-34 1.15 0.52-2.58 36.3%
reflect those of the European Union or the European Research Council Gender x 35-44 0.90 0.40-2.03  40.3%
Executive Agency. Neither the European Union nor the granting author- Gender x 45-54 1.02 0.44-2.37 47.9%
: gency. Neit peal granting auth Gender x 55-64 0.74 033-164  22.8%
ity can be held responsible for them. This work has also received funding Gender X 65+ 0.49 0.22-1.11 4.4%
from the Postdoc Fund of the University of Mannheim. We thank Otso Gender x Year (2025) 0.75 0.43-1.31 15.4%
Haavisto, Anna Lieb, and Toshali Goel for their support with the data 25-34 X Year (2025) 1.15 0.45-2.97 39.0%
lvsi 35-44 x Year (2025) 0.93 0.38-2.29  44.1%
analysis.
45-54 x Year (2025) 1.61 0.63 - 4.23 16.0%
) . 55-64 x Year (2025) 1.23 0.53 -2.88 27.3%
Appendix A. LLM usage and technology education 65+ x Year (2025) 0.77 0.32-1.82  36.3%
. ) Technology education 4.20 2.64 - 6.81 0.0%
Tables A.7 and A.8 show the adoption of LLMs in terms of age, gen- Gender x Technology education 0.58 0.32-1.04 3.3%
der, year, and technology education. Table A.9 summarizes the ordinal 139
model for frequency of use in terms of age, gender, and year. ;2 251%
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Table A.9

Logistic regression modeling usage ordinal frequency categories as a function
of gender, age, and year of the survey. Odds with highest-density interval
(95%) and p, for the usage frequency of LLMs. All variables are reference-
coded (comparison female, 18-24, and 2023). Interaction effects are rendered
as the ratios of odds ratios. Priors are on the log(odds) raw scale of the b-
weights in the regression. The prior used was normal(0, 1.5).

Predictors

(Odds) ratio HDI (95%) Py

Intercept (About three times a month) 1.08 0.76-1.54 33.1%
Intercept (About once a week) 1.63 1.14-2.32 0.6%
Intercept (Two to three times a week) 2.513 1.77-3.60 0.0%
Intercept (About once a day) 4.95 3.46-7.10 0.0%
Intercept (Several times a day) 6.75 4.71-9.78 0.0%
Intercept (All the time) 16.78 11.36-24.78 0.0%
Gender (male) 1.70 1.1.2-2.61 1.4%
Year (2025) 1.01 0.63-1.62 47.9%
25-34 1.15 0.76-1.73 25.0%
35-44 1.14 0.73-1.79 28.0%
45-54 1.57 1.01-2.44 2.2%
55-64 1.52 0.99-2.36 2.6%
65+ 1.15 0.71-1.86 28.5%
Gender x Year 1.00 0.79-1.26 47.9%
Year x 25-34 1.48 0.90-2.44 6.3%
Year x 35-44 1.28 0.77-2.16 16.7%
Year x 45-54 1.35 0.80-2.27 13.1%
Year x 55-64 1.22 0.73-2.05 22.0%
Year x 55-65+ 1.30 0.75-2.27 17.9%
Gender x 25-34 0.78 0.48-1.26 16.0%
Gender x 35-44 1.13 0.68-1.86 31.9%
Gender x 45-54 0.75 0.45-1.23 12.5%
Gender x 55-64 0.81 0.49-1.32 19.6%
Gender x 55-65+ 0.79 0.47-1.34 19.3%
n 1404

Appendix B. Method details
B.1. Description of LLMs

The text describing LLMs to participants was phrased as follows:
Large language models are algorithms that are trained on a huge corpus of
natural (human) language. They can, for example, generate new texts based
on input prompts, summarize or expand texts, and adapt the style or tone of
a text.

Examples include: GPT-3, ChatGPT, GPT-4, Bing with GPT integration,
Bard, BERT, and tools such as LAIKA and TypingMind

Here’s an example using ChatGPT: [followed by Fig. B.5.]

Write something

Sure, here's a short piece of writing:

As she walked down the cobblestone street, the autumn leaves crunching beneath her
feet, Emily couldn't help but feel a sense of nostalgia. This was the same street she used
to walk down every day on her way to school when she was a child, and now, years later,

she found herself back in her hometown

Fig. B.5. Example used to illustrate LLMs.

B.2. Inductive coding of open-ended responses

For usage scenarios, Rater 1 defined an initial categorization scheme
by screening the data, which Rater 2 refined. In 2025, Raters 1 and 5
slightly updated the categorization, introducing beta testing LLMs and or-
ganizing and scheduling as new categories that only emerged in 2025 and
explicitly separating generation in unspecific contexts from generation in
formal contexts. For the 2023 data, Rater 2 categorized all 626 scenarios
(multiple assignments possible), and Raters 3 and 4 provided a second
categorization for 461 and 165 responses, respectively. Raters 1 and 5
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Table B.10

Cohen’s kappa estimates for all rater pairs before conflict resolution. We
calculated an estimate for each category and list the mean, minimum, and
maximum for each rater pair. Raters 2 and 4 disagreed on the occurrences of
“study participation unclear” (n, = 1, n, = 1); the next lower value was 0.48
for “recommendation.”

st rater 2nd rater Data n M min max
Rater 1 Rater 2 Adoption Barriers 23 850 0.80 0.57 0.93
Rater 1 Rater 6 Adoption Barriers 25 167 0.85 0.66 1.0

Rater 2 Rater 3 Usage Scenarios 23 461 0.72 0.49 0.88
Rater 2 Rater 4 Usage Scenarios 23 165 0.66 0.0 0.92
Rater 1 Rater 5 Usage Scenarios 25 798 0.75 0.58 0.95

reverse-applied the new categorization scheme; this led to an updated
category for 62 responses. For the 2025 data, Rater 1 and Rater 5 inde-
pendently categorized all 769 responses. For the final assignment, Rater
1 independently re-coded all class assignments where the initial rater
pairs disagreed. Raters 1 and 5 then discussed discrepancies and agreed
on how to handle them. For example, based on this, image generation
was moved into generation in creative contexts.

For categorizing reasons for not using LLMs, we inductively coded
the open-ended responses. Rater 1 experimentally conducted topic mod-
eling with latent Dirichlet allocation using Gibbs sampling (Phan et al.,
2008) based on the 2023 data. The final categories were derived by
screening the data, using the topic modeling as inspiration for the possi-
ble categories. In the second stage, Raters 1 and 2 independently coded
all 844 valid responses for 2023 and Rater 1 and 6 coded all 168 valid
responses for 2025 (multiple assignments possible). For the final cate-
gorization, Raters 1 and 5 revisited all disagreements and agreed on a
final assignment. Raters 1, 5, and 6 are authors of the paper; Raters 2,
3, and 4 are research assistants with expertise in HCI and data science.

We calculated Cohen’s kappa separately for each theme. Table B.10
summarizes the kappa estimates. While thematic saturation was not as-
sessed a priori, saturation was monitored during analysis, and except for
the mentioned updates after the 2025 wave, no new themes emerged
after coding the responses.

B.3. Codebook usage scenarios

Information gain: Searching, researching, asking questions, solv-
ing math problems, data analysis. E.g., I want an answer to a broad
question and don’t want to search through the web.

Generative in unspecified contexts: Asking the LLM to write
something without a purpose description, helping me write.
Generation in formal contexts: Asking the LLM to write a formal
text (email, article, letter, resume, script, “content”, assignment,
blog, presentation), “for work”, “for school”, data generation. Not
generating ideas—see creativity. E.g., Assisting me in writing emails.
Generative (creative): Creative writing (books, poetry, fictional
texts, but not jokes) and generating ideas (this can also be for
formal use). Also prompt generation for other LLMs and image
generation. Product descriptions for online shops. E.g., ask for
imaginative writings (i.e., ask for name suggestions for my characters).
Editorial: Proofreading, suggesting edits to a text (excl. code),
rewriting something. E.g., Rewrite my line in a way that sounds more
professional, Trying it out by testing writing job cover letters.
Recommendation: Suggestions or recommendations for websites,
travel destinations, movies, etc. Requesting suggestions for actions
to take. Not requesting ideas (see creativity). E.g., recipes, Asking
for book recommendations.

Entertainment: Writing jokes, “just to play around with it.” E.g.,
When I'm just messing around, killing time., Random jokes.

Coding: Both coding and debugging code, also asking for help /
recommendations about programming, also training an Al model.
E.g., Helping to debug Python code.
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B.4.

Messaging & social media: Writing social media posts (not blogs)
or other informal messaging content. Not emails—see formal (gen-
erative). E.g., To make social media posts.

Chatting with AI: Discussing or interacting with a chatbot. E.g.,
sometimes just to converse, Whenever I interact with a chatbot online.,
Using ChatGPT and Character Al to ‘converse’ with fictional characters
or ideas, Get “moral support” by expressing my issues and getting a
response even if it’s not from a human.

Summarization & Explanation: Summarizing, paraphrasing or
simplifying a topic. Asking for explanations on topics, but not gen-
erally asking questions, searching for information or looking for
instructions. E.g., I will typically use them to summarize clinical stud-
ies and scientific studies., I use ChatGPT to [...] summarize general
areas of knowledge.

Try it out: Curiosity; trying an LLM out just to see what it can do
or what the recent media hype has been about, “only used it once”,
experimenting with prompts. E.g., I just wanted to see what everyone
was talking about, just testing like asking it to come up with [...].
Language & Translation: Translating or transcribing text, learn-
ing a language, explaining words. E.g., I am needing help with
learning to read, write, and speak another language.

Organizing & Scheduling: Getting support for planning, making
lists, and scheduling tasks. E.g., Creating lesson plans.

Study participation (tasked): Participation in a study where the
use of LLM was a part of the study. E.g., Working on surveys with Al
prompts on Prolific.

Study participation (unclear): Using an LLM to answer questions
in a study (not tasked or ambiguous regarding if tasked). E.g.,
Surveys.

Evaluating LLMs: Beta testing / training an LLM (e.g., on gig plat-
forms like Connect). E.g., I chat with an Al that is in beta mode so its
developers can collect conversations to improve the Al’s functionality.
Ambiguous: Unclear, ambiguous or incomprehensible scenarios,
erroneous response to whether they have used an LLM (“don’t use
them”), suspected LLM-generated responses, not LLM interaction
(predictive text). E.g., Haven’t used them.

Codebook adoption barriers

No specific reason & lack of time or opportunity: I haven’t found
the time to try yet.

No need or interest: I don’t write a lot., I haven’t found a use for
them.

Lack of knowledge about LLMs: no idea how they work., don’t know
what they can do., I have never heard about them.

Prefer own/human writing & thinking: I’'m a good writer myself.,
LLMs cannot think.

Lack of human touch & authenticity: It doesn’t feel authentic., It’s
not good with emotions., It’s fake.

Plagiarism & cheating: It feels like cheating., It’s not okay to use it
for classwork.

Originality and creativity: LLM output is not novel / original., It’s
just repeating things that are already out there.

Privacy, trust, and abuse concerns: It steals your data., I don’t
trust them., Security issues.

Accuracy & quality concerns, bias: I don’t trust them to be right.,
They make mistakes.

Ethics and values, not feeling comfortable using them: It’s not
socially acceptable., My job may be in danger., I don’t like the idea that
people use this., We have become too dependent on technology.
Inefficient and difficult usage: I would have to learn a lot., Other
methods are faster., It seems complicated.

Cost & access difficulties: GPT asked for my phone number., It’s too
expensive., I don’t want to pay for them., I don’t know how to access
them.

Other / unclear.
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Data availability

The data are available on OSF: https://osf.io/bdn9p/overview?view_
only =1fb6886d66154c519da4e05{529d632e.
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