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Abstract

Although language model-based chat systems
are increasingly used in daily life, most Ameri-
cans remain non-adopters of chat-based LLMs
—as of June 2025, 66% had never used Chat-
GPT (Sidoti and McClain, 2025). At the same
time, LLM development and evaluation rely
mainly on data from adopters (e.g., logs, pref-
erence data), focusing on the needs and tasks
for a limited demographic group of adopters in
terms of geographic location, education, and
gender. In this position paper, we argue that
incorporating non-adopter perspectives is es-
sential for developing broadly useful and capa-
ble LLMs. We contend that relying on meth-
ods that focus primarily on adopters will risk
missing a range of tasks and needs prioritized
by non-adopters, entrenching inequalities in
who benefits from LLMs, and creating over-
sights in model development and evaluation.
To illustrate this claim, we conduct case studies
with non-adopters and show: how non-adopter
needs diverge from those of current users, how
non-adopter needs point us towards novel rea-
soning tasks, and how to systematically inte-
grate non-adopter needs via human-centered
methods.

1 Introduction

Large language models (LLMs) have made tremen-
dous progress toward supporting humans in every-
day tasks. While there is a substantial population
of adopters — people who use these systems — there
remains a large population of non-adopters. For
example, as of June 2025, 66% of Americans have
never used ChatGPT, the most popular commer-
cial LLM chat model (Sidoti and McClain, 2025)."!
Furthermore, adoption is not random but stratified,

'Chat models: We refer to conversational LLMs with
standalone interfaces as chat models (e.g., ChatGPT, Claude,
or Gemini), limiting the scope of our research to a technology
where users are intentionally interacting with it. This defini-
tion excludes LLMs that are embedded into other systems like
auto-text completion or search summarization.

with lower adoption rates in historically technolog-
ically underrepresented demographic groups (Mc-
Clain, 2024; Suarez and Garcia-Marifioso, 2025,
i.e., rural, less educated, women).
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Figure 1: Proposed development cycle with the inclu-
sion of non-adopter needs and preferences.

At the same time, LLM developers lean heav-
ily on interaction logs, preference data, and user
studies to study and improve LLMs, including in-
forming us of the current (and future) use cases
and failures of LLMs (Ding et al., 2022; Pei and
Jurgens, 2023; Wang et al., 2022; Zhao et al., 2024;
Tamkin et al., 2024; Xiao et al., 2024). Although
these methods provide us with convenient insights,
they necessarily center on current adopters, over-
looking the needs of a broader (potential) popula-
tion.

In this position paper, we argue that developing
broadly useful chat models requires incorporat-
ing non-adopters’ needs into chat model design,
evaluation, and deployment. We take the position
that current LLM development centers on the needs
of current users, which represents a narrow demo-
graphic group and risks 1) failing to meet the needs
of a broad and distinct user audience and 2) failing
to advance LLM capabilities on a more diverse set
of contexts and tasks.

To illustrate our position, we conduct a set
of case studies based on qualitative interviews
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(n = 23) and an online survey (n = 230) with
non-adopters to shed light on the new attitudes,
challenges, and unmet needs of non-adopters. Our
studies reveal two main findings: (1) rather than be-
ing driven by resistance to Al, many non-adopters
articulate a tension between their desire to use chat
models and the specific difficulties they face in
learning how to use new technologies, and (2) tasks
prioritized by non-adopters are distinct from those
of adopters and are under-represented in chat model
evaluations (e.g., navigating basic digital services
like healthcare portals, coordinating caregiving re-
sponsibilities, accessing contextualized informa-
tion etc.).

The bias of focusing on existing users has long
been studied in HCI through the lens of non-use
(Wyatt et al., 2002; Wyatt, 2005; Satchell and Dour-
ish, 2009). In NLP, current adopter-centered prac-
tices risk widening the divide between adopters and
non-adopters as training datasets, benchmarks, and
evaluation metrics are molded to meet the needs of
current users. By making this position statement,
we hope to direct attention toward the needs of non-
adopters and to translate foundational principles
from participatory design and inclusive technology
adoption to develop a concrete research agenda for
the NLP community. We present the following:

1. Position (§ 2) We introduce the argument and
background for systemically engaging non-
adopters.

2. Why Should We Care? (§3) We present two
case studies (n = 23,n = 230) to illustrate
why it’s important for researchers to consider
non-adopters, highlighting that non-adopters
are not all active resisters, and that they repre-
sent a demographically distinct user audience.

3. Non-Adopters Point Us Towards Novel
Tasks (§4) We present novel tasks that emerge
from non-adopter needs (e.g., navigating ba-
sic digital services, managing domestic labor,
planning physical tasks), and engage with the
NLP literature to illustrate how they differ
from current tasks and evaluations.

4. Practical guidelines (§5) We identify exist-
ing practices that may inadvertently exclude
non-adopter perspectives (e.g., 5% of U.S. on-
line crowdworkers have never used chat mod-
els, a stark contrast to the 66% observed in
the general U.S. population §5.1) and provide

recommendations for uplifting non-adopter
needs (e.g., re-balancing data annotation and
interaction logs, participatory design for devel-
oping evaluations, and non-adopter-centered
task ideation).

2 Position: Attention to Non-Adopters

Our position is motivated by two key concerns in
the adoption and development of chat models: the
inequity that arises when language technologies
are adopted by only a portion of the population,
and the narrow scope of model evaluation when
it centers solely on the preferences and tasks of
current adopters.

Concern #1: Inequities In Model Access The
current development of chat models is at risk of cre-
ating a new digital divide where some have access
to reap the benefits of chat models while others are
shut out (Van Dijk and Hacker, 2003). Despite the
growing financial cost of using language models
(OpenAl, 2025; Anthropic, 2025; Google, 2025),
“access,” here, is primarily not a physical constraint,
but rather a constraint based on the usability and
applicability of the technologies. We argue that
the current de facto focus on early adopters in data
collection and evaluation is not neutral, but rather
actively embeds the preferences of a tech-savvy
demographic into the foundation of models, which
can have far-reaching consequences that may be un-
known to us today. A historical parallel comes from
automotive safety, where seatbelts were primarily
tested on male bodies, and women today continue
to experience higher injury and fatality rates as
a consequence of this exclusionary design prac-
tice (Weiss et al., 2001; Bose et al., 2011). In the
context of chat models, we speculate that adopter-
centric design risks encoding dominant narratives
of how technology “should” be used, perpetuating
a cycle where non-adopter needs remain unsup-
ported and their future participation continues to
decline (Barocas et al., 2020; Blodgett et al., 2020).

Concern #2: Incomplete Model Evaluations
The frequent usage of data from early adopters
risks exerting an out-sized and potentially narrow
influence on the way chat models are developed.
Section 3 provides initial evidence of this already
happening. User data through preferences, interac-
tion logs, and user studies are commonly used to un-
derstand user needs and influence the future direc-
tion and development of chat models (Jiang et al.,
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2024; Chen et al., 2024; Liu et al., 2025). However,
centering development on existing adopters risks
overlooking a diverse and distinct group, and may
ultimately lead to an unrepresentative sampling
of interactions that doesn’t span the full range of
real-world human tasks. Furthermore, while chat
models developed on current user data may display
generalist capabilities, if non-adopter needs remain
peripheral to chat model development, such oppor-
tunistic or incidental uses will lack the systematic
design, evaluation, and iteration needed for robust
performance.

Proposal We propose that paying attention to
non-adopters can address both the burgeoning dig-
ital divide and the incompleteness of model eval-
uations. First, preventing a chat model digital
divide is an interdisciplinary challenge requiring
both interface-level interventions and foundational
changes to model development. Our position, given
that we are NLP researchers, will focus on recom-
mendations for NLP practitioners, such as meth-
ods, artifacts, and values held in the community.
Guided by inclusive design principles (Clarkson
et al., 2013), we advocate for the systematic in-
tegration of non-adopters’ needs at the outset of
chat model development — shaping datasets, tasks,
and evaluations from the beginning. Second, in
addressing incomplete model evaluations, the re-
search community has an opportunity to broaden
the scope of model evaluation by incorporating non-
adopter needs and rigorously testing model perfor-
mance in new, underrepresented contexts. When
future researchers claim state-of-the-art capabili-
ties, non-adopter tasks should not be seen as op-
tional, but considered core capabilities that must be
robustly evaluated. The integration of non-adopter
needs will also trigger additional accountability and
evaluation from model providers, holding them ac-
countable to non-adopter use cases (Shen et al.,
2021; Lam et al., 2022; Deng et al., 2023).

The History of Studying Non-Use There is a
significant literature on the importance and rea-
sons for technological non-use. Researchers have
highlighted the distinction between voluntary and
involuntary non-use (Wyatt et al., 2002) and why
non-use reasons should be considered seriously
(Satchell and Dourish, 2009). In arguing for pay-
ing attention to chat model non-adopters, we ex-
tend the influential work of Wyatt (2005) who ar-
gues: “it is essential to consider the role of non-
users in the development of large technical sys-

tems... rather than focusing only on the changing
relationships between system builders and users.”
Many non-adopters will have legitimate reasons to
resist adopting or to stop using chat models; how-
ever, as research practitioners who have the power
to design and shape model capabilities, we urge the
community to develop technologies where non-use
is a choice, rather than an inevitable circumstance.

Ethical Concerns Participatory and co-design
methods can accommodate non-adopter needs, but
when applied uncritically, they can reproduce or
amplify existing power asymmetries (Harrington
et al., 2019) and become exploitive (Sloane et al.,
2022; Cooper and Zafiroglu, 2024b). Since non-
adopters tend to be among historically underrepre-
sented demographic groups (McClain, 2024), these
methods must be implemented carefully to avoid
widening the digital divide. Critical use, here, re-
quires both inclusion and safeguarding against ex-
tractive practices.

3  Why Should We Care?

Why is it important for chat model researchers and
developers to consider non-adopters? In this sec-
tion, we illustrate that non-adopters are potential
users of chat models, but because their demograph-
ics and needs differ from those of current adopters,
they need to be explicitly accounted for.

Case Studies Overview To test our main posi-
tion, we conducted Case Study 1: user interviews
with non-adopters (n = 23, ages 20-67, across nine
different U.S. states) and Case Study 2: an online
survey via Prolific (n = 230, 136 non-adopters
and 94 adopters) to illustrate how this population
is distinct and can provide new perspectives on
chat model development.? These studies were IRB
approved, and all participants were paid at least
$15 USD an hour. For reproducibility, see §A for
recruitment details, interview scripts, participant
demographics, and survey.

Generalizability of Qualitative Studies Unlike
quantitative approaches, our use of qualitative
methods is not intended to produce universal claims
about the diverse and multifaceted group that is

“Non-adopters: Defined here as participants who rarely
(i.e., once every couple of months) or never use chat models
versus adopters who use chat models a few times a week
or every day. Those who use chatbots “a few times a month”
are excluded, creating a clear separation between those who
have nearly no exposure to chat models from those who have
integrated this tool into their everyday lives.
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non-adopters. Rather, our aim is to build intuition
and map the landscape of who non-adopters are,
including how they engage with, resist, or remain
ambivalent toward chat models. Our sample size
(n = 23) is comparable to prior qualitative studies
in NLP and HCI (Vaithilingam et al., 2022; Zhou
et al., 2022a; Kwon et al., 2024a; Taranukhin et al.,
2024), which included 24, 18, 12, and 15 partici-
pants, respectively. We focus on English-speaking,
U.S.-based participants to situate the study within
a specific socio-technical context and enable coher-
ent analysis. While this scope limits generalizabil-
ity, it offers a foundation for future work across
different languages, cultures, and regions.

3.1 Non-Adopters as Potential Users

First, we must recognize that non-adopters make up
the majority of the U.S. population. Work in June
2025 from the Pew Research Center finds that 66%
of Americans have never used ChatGPT and 20%
have never even heard of it (Sidoti and McClain,
2025). Not only do non-adopters make up a signifi-
cant population, but more importantly, our findings
suggest that many non-adopters may become future
users if given the right opportunities and usability.
In our interviews, we find that many non-adopters
are not committed to avoiding chat models, but
rather, are confronted with obstacles that inhibit
easy adoption. For example, non-adopters describe
the adoption of technology as a painful learning
process that requires labor, time, and support from
others.

“I’'m somewhat bad [at] technology... and no one
wanted to help me... [P4]

“I’'m in the generation... where there was no tech-
nology when I started... I definitely have had to
learn a lot along the way... it can be a challenge
for me, but I mean I love it, and I hate it at the
same time.” [P16]

Despite these learning challenges, they still ex-
press a desire to learn and adopt chat models if
given the opportunity.

“I heard about [ ChatGPT] through my younger
sister and she said she was going to teach me on
how to do it. Well, we’ve never been able to do it.
1 wish I knew about it.” [P9]

“I mean, that’s something I would love to ex-
plore... I would, you know, love to learn more
about... how to use it” [P2]

Many non-adopters may not use chat models to-
day, but understanding their needs gives us insights

into how to design these language models for a
broader population. For example, the verbosity of
chat models can be a barrier to participants who
speak English as a second language. Participants
might also struggle with typing and reading on the
screen; enabling text-to-speech interactions in a
larger range of models would be critical for this
population. These are interface changes as well as
model training changes, as preference tuning and
generation sampling will likely need to be modified
to achieve this accessibility.

3.2 Non-Adopters as Demographically

o 4o
Distinct
H [ Non-Adopter (n=136)
Education B Adopter (n204)
100
21% 18%
80 44% 48%
57%
75%
)
“ 79% 82%
56% 52%
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25%
High School Some 2 year 4 year Professional Doctorate
Graduate college  degree degree  Degree
Urban/Rural Gender
100 -
29%
. 40% 33%
51% 49% 50%
60
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60% 67%
49% 51% 50%
20

Rural Suburban Urban Woman Man Nonbinary

Figure 2: Education, location, and gender demographics
of non-adopter and adopters. Non-adopters tend to have
less than a 2-year degree, reside in rural or suburban
areas, and be women. Adopters tend to have at least a
4-year degree, reside in urban areas, and are more likely
to be male. *"Less than high school” and "Prefer not to
respond" had 1 response or fewer and were omitted.

Paying attention to non-adopters allows us to
design more equitable language technologies. The
field of artificial intelligence has a long history
of introducing systemic, allocational, and repre-
sentation harms that impact historically under-
represented technology users (Bolukbasi et al.,
2016; Schiebinger, 2014; Caliskan et al., 2017;
Sheng et al., 2019; Sap et al., 2019; Blodgett and
O’Connor, 2017; Zhou et al., 2022b; Santurkar
et al., 2023; Blodgett et al., 2016; Jurgens et al.,
2017; Koenecke et al., 2020; Ogﬁnre}mf et al.,
2023). Adoption disparities for chat models inter-
sect with model-level biases to reinforce the exclu-
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sion of groups already marginalized in technology
use and design.

Prior studies have documented demographic
gaps in digital technology adoption, and the us-
age of chat models appears to follow similar pat-
terns (McClain, 2024; Sudrez and Garcia-Marifioso,
2025). Our survey (n = 230) confirms these trends:
current chat model adopters tend to be highly ed-
ucated, urban, and predominantly male. We com-
pared adoption rates across demographic groups
using a two-proportion z-test, where we test for the
rate of adoption. We find that participants without
two-year degrees are nearly three times less likely
to be adopters compared to those with professional
degrees, z = -3.96, p < 0.001, or doctorates, z =
-3.99, p < 0.001; participants who live in rural areas
are 40% less likely to be adopters than those living
in urban area, z = -2.16, p < 0.05, and women are
30% less likely to be adopters compared to men, z
=-2.71, p <0.01, Figure 2.3

These findings highlight that the disparities be-
tween chat model adoption are not arbitrary and
can be partially explained by demographic charac-
teristics known to be underrepresented in technol-
ogy access (Afzal et al., 2023; Elena-Bucea et al.,
2021). Here, we stress the urgency to pay attention
to current non-adopters who represent a histori-
cally underrepresented group of technology users
and mitigate the allocation harms resulting from
chat models. Hence, although chat models and gen-
erative Al more broadly are touted to reduce equity
gaps (Fu et al., 2025; Pierson et al., 2025; Gabriel,
2024; Nixon et al., 2024), this is not possible with-
out directly considering and accommodating their
non-adopters.

4 Non-Adopters Reveal New Task
Priorities

Non-adopters are not only demographically dis-
tinct, but they shed light on (1) real-world tasks
that are missing in chat model evaluations and (2)
ways that current instantiations of classic tasks like
question-answering and technology navigation may
be misaligned to the needs of a broader population.

4.1 Currently Prioritized Tasks

Our online survey (Figure 3) highlights that
adopters highly prioritize writing/reading, technol-
ogy navigation, and creative tasks — common tasks

3Differences are less pronounced among demographics
like race, age, and income, Figure 14.

in the NLP literature (Hadi et al., 2023; Kaddour
et al., 2023; Naveed et al., 2024; Shao et al., 2024;
Gero et al., 2022; Yao et al., 2022; Fereidouni
and Siddique, 2024; Zhu et al., 2023; Chen and
Ding, 2023; Tian et al., 2024; Gémez-Rodriguez
and Williams, 2023). These findings suggest a po-
tential pattern of self-beneficial technology devel-
opment known as “me-search” (Bradley and Nash,
2011), which occurs when researchers prioritize
the needs of those who are similar to them, in
this case, technology developers and current LLM
adopters. Even with good intentions, the resulting
technologies may end up primarily benefiting those
already advantaged, leading to a rich-get-richer
effect. Given the known socioeconomic, racial,
and gender disparities among computer scientists
(Pearl et al., 1990; Lunn et al., 2021), this trend
can further exacerbate existing inequalities in LLM
benefits.

4.2 Under-prioritized Tasks

In contrast, over half of the non-adopters we in-
terviewed mentioned tasks related to domestic la-
bor. We compared task priorities across adopters
and non-adopters using a two-proportion z-test,
testing whether participants selected each task as
one of their top three most important tasks. Non-
adopter survey participants were over four times
more likely to choose physical tasks as an impor-
tant task, z = 6.13, p < 0.001, and 60% more likely
to choose caregiving as an important task compared
to adopters, z = 2.35, p < 0.05. Examples include
caring for younger and older children, facilitating
family conversations, or supporting a loved one
with physical disabilities. Many of these tasks have
been recognized in the economics literature to be
historically (Sayer, 2005) and currently (Petts et al.,
2021) performed by minoritized groups. Our in-
terview data also reveals that these tasks are not
just physical, but also include the invisible cogni-
tive labor known as the mental load (Dean et al.,
2022):

“[As] the mom you negotiate and [you] make sure
everybody’s happy... that’s your main focus in life”
[P20].

“I always struggle because you have to coordi-
nate with the different people, with the teacher, the
decorator, make sure everybody is on the same
page... keep it within budget” [P8].

“[Scheduling] is a huge nightmare... If [a chat
model] could know all the schedules... plug that
in, and then it would tell you... ‘This is the best
time to see... a possible mixed group of these
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Figure 3: Task importance rankings between adopters
and non-adopters with the biggest differences (denoted
by % of responders). Non-adopters tended to priori-
tize physical tasks and caring for others compared to
adopters. Adopters tended to prioritize creative tasks,
technological navigation, and writing/reading tasks.

2 grades of students’ — that would be a huge
headache reliever.” [P6]

Physical and domestic tasks are rare in the NLP
literature and when they appear, they often priori-
tize technological innovation and are less situated
in addressing the real-world needs or requests of
specific user groups (Harashima et al., 2016; Sato
et al., 2016; Li et al., 2022a; Morales-Garzén et al.,
2021; Budzianowski et al., 2018; Liao et al., 2019;
Inaba et al., 2022). For example, prior work on de-
veloping LLM as a scheduler, a need articulated by
participant #6, is in the context of systems optimiza-
tion rather than scheduling tasks for people and
their contexts (Oh et al., 2024). Paying attention to
non-adopter needs allows us to see the importance
of cognitive labor for physical and domestic tasks
and recognize their under-prioritization in language
model evaluations.

4.3 Misaligned Tasks

Listening to non-adopters also reveals how exist-
ing tasks in chat model evaluation practically differ
from what non-adopters need. The interviewees
named trying to obtain high-quality information on
complex topics as a key pain point. Often, they
seek non-trivial information that is specific to their
unique circumstances. Our case study participants
struggled particularly with insurance policies, im-
migration, and personal finance, and they often
need personalized information unique to their iden-
tity or circumstance.

“As a Black woman...being made aware like
what to do in certain situations...diseases that

are [prevalent] in like the African American pop-
ulation and how we [can] reduce those type of
things from like occurring” [PS5].

“I can’t even find anyone who really works with
people who get pensions...I wish I could get a con-
sultation, someone who understood where we’re
at” [P16].

Additionally, non-adopters articulate technology
barriers infrequently found in NLP literature, e.g.,
difficulty typing, submitting documents online, or
navigating health care websites. These interaction
challenges are ubiquitous and highly limiting, and
unaddressed needs could result in users abandoning
their tasks entirely.

“I’ve been on [this] BSN program [for the past 5]
years because I was not really comfortable with
the computer and everything. I quit. I1didn’t finish”
[P1].

“I’ve been here for almost 2 years and I'm still
having trouble finding a dentist... And they have
all this online scheduling... their websites are
horrible and don’t work” [P12].

While tasks in information retrieval (IR) and
question answering (QA) are widely studied by
NLP researchers, they typically focus on factoid
questions such as questions from reading passages
(Rajpurkar et al., 2016; Joshi et al., 2017), standard-
ized tests (Hendrycks et al., 2020), and mimicking
historical search queries (Kwiatkowski et al., 2019;
Bajaj et al., 2016; He et al., 2017). Recent research
on LLMs as agents continues to follow the pattern
of retrieving information through a series of steps,
querying various dense but non-contextualized ma-
terials (Du et al., 2025; Wan et al., 2025). Pay-
ing attention to non-adopters highlights the need
to evaluate models on non-trivial, contextualized
information seeking tasks. One example of this
user-centered contextualized work in NLP is from
Taranukhin et al. (2024) who grounds their research
in a concrete application — supporting Canadian
air travel passengers — and consistently centering
the needs of a clearly defined user group.

Similarly, numerous tasks in the LLM literature
are dedicated to supporting technology interaction
for those who are highly technical. Most salient is
code generation (Muennighoff et al., 2024; Chen
et al., 2021; Li et al., 2022b; Svyatkovskiy et al.,
2020; Chen et al., 2022; Lai et al., 2023), but
this also includes plotting (Bubeck et al., 2023;
Yang et al., 2024) and computer science research
more broadly (Desai et al., 2023; Xiao et al., 2023).
Meanwhile, research on web agents has focused
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on domains like shopping (Yao et al., 2022; Fer-
eidouni and Siddique, 2024), dining (Zhu et al.,
2023), and travel (Sun et al., 2022). Interviews
with non-adopters highlight their need for support
in navigating technology—similar to technologists,
though oriented toward a simpler set of tasks.

4.4 The Importance of Non-Adopters

Our user interviews with non-adopters give a
glimpse into the complexities that go into under-
prioritized tasks and reveal opportunities to de-
velop new types of chat model evaluations. Pay-
ing attention to non-adopters’ tasks opens up new
challenges: Could language models support non-
traditional forms of reasoning? Could language
models help with the planning of physical and care-
taking tasks? What are the safety risks involved?
Our position is that we must give attention to non-
adopters, and we urge the NLP community to rec-
ognize the importance of asking and prioritizing
the needs surfaced by non-adopters.

5 Practical Guidelines: How Could We
Incorporate Non-Adopter Needs?

Natural language processing research has been fun-
damental to the rapid development and advance-
ment of chat models. Here, we outline specific
practices in data annotation, benchmark design, and
task ideation that may be inadvertently overlook-
ing non-adopters and how alternative practices can
be used. Exclusion of non-adopters mirrors psy-
chology’s reliance on western, educated, industrial-
ized, rich, and democratic (WEIRD) populations,
where narrow participant pools have long skewed
findings and limited their generalizability (Hen-
rich et al., 2010). In an effort to counteract these
effects, we propose drawing from participatory de-
sign (Schuler and Namioka, 1993) and co-design
(Steen, 2013; Sanders and Stappers, 2008), in an
effort to surface community priorities, redistribute
design power, and mitigate harms when working
with marginalized communities (Tseng et al., 2025;
Sloane et al., 2022; Harrington et al., 2019; Cruz
et al., 2023).

5.1 Up-weighting Non-Adopters in Data

Data annotation practices may also be prioritiz-
ing the needs of chat model adopters — further
embedding adopter preferences into model train-
ing reinforces existing usage patterns. Data an-
notation for natural language processing has long

used crowdfunding platforms like Prolific or Ama-
zon Mechanical Turk to recruit humans to gener-
ate data, evaluate generations, gather preferences,
and eliminate toxicity in language (Munro et al.,
2010; Sabou et al., 2012; Zhao and Zhu, 2014). In
September of 2025, we conducted a Prolific experi-
ment with 500 U.S. participants (see §A for details).
We found that less than 5% of recruited participants
have never used chat models, compared to the U.S.
average of 66%, showing a huge bias of adopters
as annotators (Sidoti and McClain, 2025). Just
as uneven annotator demographics can introduce
biases into NLP datasets (Ding et al., 2022; Pei
and Jurgens, 2023; Wang et al., 2022), emphasiz-
ing adopter preferences and data will likely also
introduce adopter-centered biases.

Similarly, analysis of interaction logs has been
instrumental to our understanding of chat models
(Zhao et al., 2024; Tamkin et al., 2024; Xiao et al.,
2024) as it reveals the type of interactions, unex-
pected edge cases, and frequency of chat model
usage. However, interaction logs exclusively re-
flect data from active and frequent users, thus skew-
ing insights toward those with the resources and
motivation to engage early and often, and lacking
insights on the needs of potential users and how
they might leverage LLM capabilities.

One tested way to counteract adopter bias in
data annotation and interaction log analysis can be
to up-weight non-adopter preferences and labels.
Gordon et al. (2022a) propose jury learning, where
researchers can designate particular groups of an-
notators whose inputs are weighted more heavily
to reflect community values. In data labeling, non-
adopter data contributions can be up-weighted to
counterbalance the dominance of adopter perspec-
tives. We applied a similar method when we re-
cruited online participants for our own survey data,
randomly filtering out chat model adopters and bal-
ancing the participant groups evenly. In interaction
data, amplifying the voices of low-frequency users
and engaging non-adopters through participatory
or co-design methods can reveal novel and diverse
model interactions.

5.2 Realigning Benchmarks through
Non-Adopter Contexts

At the dataset level, non-adopter needs could be
integrated by revisiting existing tasks with the goal
of including non-adopter contexts. For example,
in factoid question-answering, participatory meth-
ods could be used to revisit existing artifacts and
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ground questions in non-adopter needs. Examples
include: understanding new ideas using familiar
concepts (e.g., explaining new lingo), explaining
technical components in simple terms (e.g., What
is ‘AirDrop’?), and contextualizing niche scenarios
(e.g., understanding pensions for retired teachers).
A concrete example stems from the work of Vatsal
et al. (2024) who makes advances in the use of chat
models to improve the process of prior authoriza-
tions for clinicians (i.e., advance clearance for a
medical procedure). Re-contextualization here can
simply extend this work to help patients understand
what is covered in their insurance policies.

Tasks in technology navigation could also be re-
aligned to meet the needs of non-adopters. Here,
tasks that are essential activities like filing taxes
with free software, scheduling medical appoint-
ments, or uploading files to online learning plat-
forms could be prioritized in addition to tasks that
serve advanced users.

5.3 Expanding Task Design

Non-adopter needs can be leveraged to expand ex-
isting tasks, using methods like need-finding in-
terviews or focus groups. Today, tasks that were
once important in the field of natural language pro-
cessing (e.g., question-answering, information re-
trieval, summarization, code generation, mathemat-
ical computation) still dominate in the evaluation
of state-of-the-art models. However, non-adopters
express interest in a different set of tasks—such
as help with the information needs associated with
domestic, care-taking, and physical tasks that are
rarely reflected in current evaluation benchmarks.
In Table 1, we offer an example of one bench-
mark that operationalizes the information finding
needs non-adopters expressed in §3 — showing
chat model development beyond factoid QA and
towards complex, grounded reasoning that measur-
ably improves human capability augmentation.

6 Discussion and Conclusion

Thinking Beyond Current Evaluation Struc-
tures Our work emphasizes that non-adopter
tasks require thinking beyond the status quo struc-
tures of chat model training and evaluation. Non-
adopter tasks are currently less structured and less
objective (Guerdan et al., 2024). Training chat
models on such tasks will also be challenging, as
automated metrics are easier to design for struc-
tured tasks. The field requires new methods for

Scenario: Unexpected mobility-limiting event (e.g., sud-
den illness) requiring adaptation to unfamiliar domains.

User Need: Need to research medical information, coordi-
nate logistics, and revise daily routines.

New Task: Sensemaking involves information synthesis,
context-sensitive reasoning, and emotional attunement.

Model Input: User profile and contextual data, e.g., “I'm
scheduled for surgery in a week, but until then, I need to
modify my routines to minimize discomfort and decrease
risk of injury. What are some things I should know?”

Model Output: Agentic and interactive approach. The
model might 1) outline a plan of action, 2) synthesize user
input, 3) retrieve relevant information, and 4) develop a
teaching plan. This may unfold over multiple turns where
the model acts like a tutor—gradually building understand-
ing and adapting to user questions.

Evaluation Metrics: Beyond factual accuracy, evaluation
could assess user experience: Did the user feel in control
of the interaction? Did they gain a better understanding of
the topic? Have they learned strategies to navigate similar
problems in the future?

Table 1: New Potential Benchmark Task: Sensemaking in
Unfamiliar, Time-Sensitive Contexts

evaluation and training, as well as greater end-user
involvement, to navigate the disagreement inherent
to subjective and user-centered tasks (Fleisig et al.,
2024; Plank, 2022; Gordon et al., 2022b).

From Chat Model Capabilities to Human Ca-
pability Augmentation The integration of non-
adopter tasks into chat model development war-
rants a paradigm shift away from evaluating chat
model capabilities in isolation (“Can the model
name the stages of cancer?”) and towards eval-
uating human capabilities when using chat mod-
els (“Can a user receive support through a new
medical diagnosis?”). A capabilities-augmentation
evaluation paradigm extends the work of situated
evaluation (Arzberger et al., 2024), as it argues
for end-to-end support across user-defined tasks,
rather than siloed subtasks defined by external re-
searchers (McClain, 2025). A focus on human ca-
pabilities requires a fundamental shift in the tasks
we pose and the evaluation metrics by which we
measure success as a field.

In this position paper, we argue for the impor-
tance of the systematic integration of non-adopter
needs into the development of chat models. We il-
lustrate through two case studies how non-adopters
differ in demographics and needs from adopters
and how their unique perspectives can offer novel
insights for expanding LLM evaluations. Lastly,
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we identify how current NLP practices can be ex-
panded to incorporate non-adopter needs through
the use of human-centered methods.

7 Limitations

Due to our recruitment strategy for study partic-
ipants, we exclusively interviewed individuals in
the United States. Given that varied geopolitics
can create different types of needs, our study does
not claim to represent needs that are more preva-
lent in other areas. Furthermore, we conducted
interviews in English, which further restricted our
recruitment efforts to English speakers in the U.S.
Our interview and recruitment strategies relied on
internet access and the ability to use a computer or
phone, so all participants had that baseline level of
technical literacy despite low usage of chat models.

Although physical needs featured as an interest-
ing finding in our study (Section 3), we did not
explicitly collect disability-related demographic in-
formation, so our evaluation of participants’ dis-
ability status stems from our conversations during
interviews and may be narrow in scope. We also did
not interview any participants who self-identified
as non-binary, which means that our findings may
not reflect the unique needs of that group.

By conducting our empirical research through
a single one-hour virtual interview, it is unlikely
that we established a bond with participants that
would have occurred with in-person or sustained
synchronous contact. That means that sensitive or
emotionally taxing needs may not have surfaced
in our conversations, reducing the scope of our
findings.

Finally, we selected OECD’s The Survey of Adult
Skills to contextualize and augment our qualitative
coding of interview themes. We acknowledge that
this framework is premised on a theory of labor
and value that may not be universally agreed upon.
Nevertheless, it has proven a useful tool for catego-
rizing the needs we identified and considering gaps
in our analysis.

8 Ethical Concerns

Despite our focus on English-speaking U.S.-based
participants, we do not advocate for a solely U.S.-
centric approach to need identification and task
selection. We studied the needs of one sample
population that we were able to recruit. Our find-
ings may not generalize to participants from other
parts of the world or even others in the U.S., and

we would not expect the needs and pain points
we identify here to be the most universally salient.
Rather, our work attempts to diversify perspectives
around which and whose needs should be met in
future LLM development, and we seek to further in-
spire future attempts to do so with different sample
populations.

As the use of chat models continues to rise, SO
do the risks of LLM hallucinations and potential
misuse for both adopters and new adopters. In
our work, we did not intend to change participants’
daily behaviors and habits or advertise products
among non-adopters. Given the known biases and
failures known to the NLP literature, we took care
to debrief the risks of Al after each demonstration.
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A Methods Details

Using a bottom-up approach, we begin by outlining
the methods that led to our preliminary findings,
which form the foundation of our position. User
interviews were conducted in the spring of 2024,
and an online survey was designed and released in
the spring of 2025.

Interview Design Our interview questions were
designed to surface participants’ needs in their
work and personal lives. We draw on The Survey
of Adult Skills, developed by the Organization for
Economic Co-operation and Development (OECD)
which surveyed over 166,000 adults (OECD, 2013)
to identify six task categories: technology, cogni-
tive, interaction, learning, organization, and physi-
cal tasks (OECD, 2013). Participants were asked
about their personal and work experiences with
these tasks in addition to open-ended questions
which were added for completeness, Table 4.

In total, we interviewed 23 participants (Table
5) with limited to no experience with chat models
within the United States using snowball sampling
via targeted emails (Parker et al., 2019), starting
with community members from the authors (e.g.,
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Age # | Gender #
18-24 22 ‘Woman 115
25-34 47 Man 108
35-44 43 Non-binary 6
45-54 40 No response 1
55-64 60
65 years or older 18
Ethnicity % | Income #
American Indian/Alaska Native 2% Under $30k 38
Asian or Asian America 7% $30-$40k 30
Black or African American 12% | $40 - $50k 13
Hispanic or Latino/a 10% | $50 -$60k 22
Native Hawai ‘ian/Pacific Islander ~ <1% | $60-$70k 17
White or European 67% | $70-$80k 20
Other 1% $80-$90k 10
No Response <1% | $90-$100k 16
Over $100k 58
No response 5
Area of Living # | Highest Education  #
Rural 41 High school 38
Suburban 128 Some college 38
Urban 61 2 year degree 18
4 year degree 85
Professional degree 37
Doctorate 12
No response 1

Table 2: Online survey demographics. We had a total
of 136 non-adopters (38 who have have never used chat
models, 98 who used chat models every few months)
and 94 adopters (who used chat models daily). Race
demographics are reported in percentages due to multi-
racial participants.

in Delaware, Oklahoma, Georgia, California).* We
then used a bottom-up approach rooted in grounded
theory to qualitatively code the interviews (Corbin
and Strauss, 1990; Strauss and Corbin, 1997; Char-
maz, 2014), yielding 21 unique needs which we
refined, categorized, Table 6.

Online Survey Design Informed by our user in-
terviews and literature review, we construct an
online survey to understand at a large-scale, how
adopters and non-adopters might perceive the im-
portance and painfulness of tasks. We defined non-
adopters as participants who never use chat models
or use chat models every few months, and adopters
are defined as participants who use chat models
daily. Our survey included basic demographic ques-
tions and questions about task encounter frequency,
task importance, and task painfulness, Figure 4.
Our initial list of tasks was again derived from
The Survey of Adult Skills with modifications, as
shown in Table 3. Creative and caregiving asks
were added due to their centrality in the literature
review and user interviews, respectively. We asked
two questions about task importance and painful-
ness: participants were asked to select the three

*Our seed participants are biased towards author commu-
nities, however, the team is highly diverse and our participants
also reflect this. Author positionalities [redacted]

most important and painful tasks to their work and
personal lives (unordered).

We used Prolific’s representative sample recruit-
ing feature to recruit survey participants represen-
tative of the U.S. census based on gender, age, and
ethnicity. We aimed to recruit a balanced sample of
adopters and non-adopters, ultimately having 136
non-adopters and 94 adopters (Table 2).

Prolific Experiment Design We constructed an
additional online survey to understand the usage
of chat models by Prolific annotators. This survey
was IRB approved, and all participants were paid
at least $15 USD an hour. We used Prolific’s stan-
dard sampling without additional filtering to get an
unbiased understanding of the chat model usage
by Prolific annotators. This survey included basic
demographic questions and questions about chat
model usage. In total, we recruited 500 participants.
See 7 for survey questions.

Literature Review The authors then performed
a literature review of the Association of Compu-
tational Linguistics (ACL) anthology to identify
works that could potentially meet the needs ex-
pressed by participants. Although there are exten-
sive works in broader research communities on how
various LLMs can be adapted to meet a broader
set of needs, we situate our literature review in the
ACL literature, rather than literature in more ap-
plied settings, to review LLM development at its
conceptualization, rather than its contextualization.
We then mapped non-adopters themes to this litera-
ture, clustering tasks into major themes based on
how well they address non-adopter needs, resulting
in broad categorizations of missing and misaligned
tasks.

Pilot Studies: The Difficulties of User Studies
Prior to formal interviews, we conducted user stud-
ies with OpenAl’s ChatGPT interface (n = 15)
to build intuition of user needs and to iteratively
develop our study protocol. A key insight from
these pilots is that it is very difficult for chat model
non-adopters to imagine chat model use cases. Al-
though demonstrations of how chat models can
canonically be used may inspire a new user (e.g.,
code generation and trivia question answering), it
would also bias the user towards thinking that those
are the correct uses. Instead, we ask participants:
What are the greatest pain points in your day-to-day
life?
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ChatGPT Demonstrations The interviews in-
cluded a short demonstration of OpenAI’s Chat-
GPT, where the authors created screen-recordings
of ChatGPT attempting these tasks that may be of
interest to non-adopters (e.g., brainstorming out-
ing activities with an older parent, writing absence
notes to school, producing grocery lists with food
restrictions). Interviewers also showcased would
ask for the participants’ reactions, brainstorm other
use cases, and debrief on the safe usage of chat
models.

Participant Recruitment and IRB For the on-
line survey, we designed the survey on Qualtrics,
which took about 5 minutes to complete. Partici-
pants were recruited via Prolific and used Prolific’s
representative sample recruiting feature, which al-
lowed us to recruit participants which were repre-
sentative of the simplified U.S. census based on
gender, age, and ethnicity. The additional Prolific
experiment was also designed on Qualtrics and took
1 minute to complete. Participants were recruited
via Prolific using the standard sampling recruiting
feature, which allowed us to recruit participants
who are representative of the broader population
on Prolific.

For the user interviews, we recruited 23 partici-
pants with limited to no experience with chat mod-
els within the United States using snowball sam-
pling via targeted emails (Parker et al., 2019), start-
ing with community members from the authors
(e.g., in Delaware, Oklahoma, Georgia, Califor-
nia).>. We used a pre-interview screener to collect
background and demographic information and ex-
cluded those who have used chat models over 10
times and automatically included all participants
who had never used chat models. Each interviewee
received a $30 USD gift card for a 45-60 minute
video-conference interview conducted via Zoom.
In total, we interviewed 23 participants from 9 dif-
ferent states, ranging from 19 to 67 years old (Ta-
ble 5).° Our participant pool size is considered
on par with similar qualitative user studies (Smith
et al., 2024; Zhou et al., 2022a; Kwon et al., 2024a;
Taranukhin et al., 2024; Vaithilingam et al., 2022)
which respectively had 13, 18, 12, 15, and 24 par-

3QOur seed participants are biased towards author commu-
nities, however, the team is highly diverse and our participants
also reflect this. See author positionalities in Appendix X
(redacted for submission).

We contacted 15 men and 40 women, but far fewer men
were eligible for the study given their prior interactions with
chat models, consistent with known skews in LLM usage.

ticipants. This study was IRB approved, and we
obtained informed consent from all participants
(see Figures 8, 9, 10, 11 for details).

Qualitative Coding of Themes We then used
a bottom-up approach rooted in grounded theory
to qualitatively code the interviews (Corbin and
Strauss, 1990; Strauss and Corbin, 1997; Char-
maz, 2014). We iteratively coded and thematically
sorted interview excerpts by looking for relations
with or among already assigned codes. We first
distributed the interview transcripts across all au-
thors for open coding, debriefed in small groups
to identify specific needs, and lastly came together
to finalize large thematic clusters. Our qualitative
coding processes yielded 21 unique needs, which
we refined, categorized, and mapped back to our
original taxonomy, prioritizing and uplifting needs
that were most frequently voiced. Table 6 presents
a high-level summary of the concerns voiced by
participants.

B Additional Related Work

Our work builds on a body of research aiming
to make Al and NLP technologies more inclu-
sive (Burnett, 2010; Bardzell and Bardzell, 2011;
Fiesler et al., 2016; Strengers et al., 2020; Blod-
gett, 2021; Koenecke et al., 2020; Mun et al.,
2024b; Zhou et al., 2022a) by adopting participa-
tory (such as Birhane et al., 2022a; Suresh et al.,
2024; Cooper and Zafiroglu, 2024a; Zhi-Xuan
et al., 2024; Bogiatzis-Gibbons, 2024; Ovadya
et al., 2024) or pluralistic approaches (such as
Costanza-Chock, 2020; Birhane et al., 2022b; Klein
and D’Ignazio, 2024; Jain et al., 2024). Barriers
to equity in LLMs include model biases (Boluk-
basi et al., 2016; Schiebinger, 2014; Caliskan et al.,
2017; Sheng et al., 2019; Sap et al., 2019; Blodgett
and O’Connor, 2017; Zhou et al., 2022b; Santurkar
et al., 2023) and performance disparities across
languages and ways of speaking (Blodgett et al.,
2016; Jurgens et al., 2017; Koenecke et al., 2020;
Ogﬁnré_:mi et al., 2023), see §B for more.

Closest to our work are recent efforts to ground
domain-specific applications of LLMs in users’
needs and barriers. Kwon et al. identified simi-
lar needs around non-trivial information retrieval
(e.g., finance and health) and unpaid labor from
those with limited ChatGPT experience. Ma et al.
calls for interventions on LLLMs at a more foun-
dational level based on evaluations with LGBTQ+
individuals. Mun et al. similarly finds that applica-

1353



tions for personal life and society outweigh tasks
currently focused on in Al development. HCI re-
search has a long-standing tradition of integrating
the distinct needs of various communities into tech-
nology design (Muller and Kuhn, 1993; Schuler
and Namioka, 1993; Friedman, 1996), addressing
aspects such as gender (Bardzell, 2010; Burnett,
2010; Fiesler et al., 2016; Strengers et al., 2020),
race (Ogbonnaya-Ogburu et al., 2020) and (Wob-
brock et al., 2018; Bayor et al., 2021). More re-
cently, we see a rise in engagement in the design
of Al systems with relevant stakeholders through
the process of co-design with unique user groups
such as designing with older adults (Sakaguchi-
Tang et al., 2021), those with dementia (Hsu et al.,
2023), bus drivers (Akridge et al., 2024), gynecolo-
gists (Schor et al., 2024), and rural migrant women
(Zhao, 2024) etc.

In the fairness community, prior work has called
for broadening the participation of LLM design
(Suresh et al., 2024; Cooper and Zafiroglu, 2024a;
Zhi-Xuan et al.,, 2024), incorporating pluralist
views in Al systems (Klein and D’Ignazio, 2024;
Jain et al., 2024), and evaluating the unique risks
of technology engagement from minoritized users
(Grimme et al., 2024; Cao et al., 2024).

Specific to participation in the design of LLMs,
HCI works have focused on designing inclusive
UX experiences for Al systems (Liao et al., 2023),
participatory design with everyday users on LLM
hallucination identification (Leiser et al., 2023),
collaborating with domain experts on policymaking
for LLM alignment (Feng et al., 2024), studying
how Al could help in responding to harmful online
content (Mun et al., 2024a), and proposing how lay
users can surface problematic machine-generated
outputs through day-to-day interactions (Shen et al.,
2021).
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Task Given Examples \ Original OECD Task Name

Technology Navigation uploading tax documents, scheduling online appointments Technology - ICT skills
Obtain and Understand Information understanding information related to health or politics Cognitive Skills - Problem solving
Calculation Tasks budgeting, measurement conversions Cognitive Skills - Numeracy
Writing & Reading writing emails, reading documents Cognitive Skills - Reading & Writing
Learning New Skills recipes, languages, hobbies Learning - learning
Cooperating, Coordinating, & Negotiating shared expenses, planning a family trip Interaction - co-operation & influencing
Communication Tasks giving instructions, explaining something Interaction - co-operation & influencing
Physical Tasks cleaning, cooking, yard work Physical - Physical requirement
Caring for Others emotional support, caring for children, sick person, pet Added - Finding from User Interviews
Creative Tasks designing, imagining, crafting Added - Prevalence in NLP Literature

Table 3: List of tasks that survey participants were asked to about in terms of task frequency, importance, and
painfulness.

Question Task Category

: 3 , .
Q1: In about 3 to 5 sentences, tell me about Intro Question

yourself.

Q2: What are some tasks that are tedious Technology, Cognitive,
to complete that you think take longer Learning, Interaction,
than they should? Organization, Physical

Technology, Cognitive,
Learning, Interaction,
Organization, Physical

Q3: What are some tasks that are chall-
enging for you to complete?

Q4: What are some topics that you have

difficulty obtaining high-quality inform- Technology, Cognitive,

Learning

ation for?

QS5: What are a few things that you wish Technology, Cognitive,
were better explained to you? Learning
Q8: What are some tasks you encounter Coenitive
that require reading & writing? s

Q7: What are some tasks where you work Cosnitive
with numbers & need to make calculations? s

8: What are some creative tasks that you L.

Q y Cognitive

do as a part of your work or free time?

Q9: What are some challenging tasks in

your life that involve interacting w/ others? Interaction, Organization

Table 4: Interview questions and their respective categories

Age # | Gender #
18-19 1 ‘Woman 19
20-29 4 Man 4
30-39 3 Non-binary 0
40-49 6 Prefer not to respond 0
50-59 8

60-69 1

Ethnicity % | U.S.Region #
American Indian/Alaska Na- 9% Middle Atlantic (NJ,PA) 2
tive

Asian or Asian America 26% | East North Central (WI) 1
Black or African American 22% | East South Central (KY) 1
Hispanic or Latino/a 9% South Atlantic (DE,FL,GA) 9
Middle Eastern/North African 4% West South Central (OK) 5
‘White or European 43% | Pacific (CA) 5
Preferred not to Respond 4%

Occupation # \ Chat Model Usage #
Architecture and Engineering 2 None 14
Business and Financial 3 1-5 times 4
Education and Library 3 5-10 times 4
Health Care 7 10+ times’ 1
Sales and Related 2

Other 6

Table 5: Participant demographics as self-reported via pre-interview screener. Race demographics are reported in
percentages as counts do not add up to 23 due to multi-racial participants.
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O I do not consent to participating in this study

How often do you use Al chatbots?
Prolific ID O oaiy

O A few times a week

What is your Prolific ID? O A few times a month
O once every few months

Please note that this response should auto-fill with the correct ID. If it's 1)
Never

blank or incorrect, please fill it out.

V
Do you agree or disagree: | believe Al is improving my quality of life.
O Strongly disagree
O somewhat disagree
Technology Perspectives
O Neither agree nor disagree
O somewhat agree
Which of these artificial intelligence (Al) chatbots have you used? 0
Strongly agree
O chatepr
O co-rilot
O claude
0O vama Do you agree or disagree: | believe Al is improving others’ quality of life
O cemini (@] strongly disagree
O characteral O somewhat disagree
O PerplexityAl O nNeither agree nor disagree

] |:|Other O somewhat agree

O Strongly agree
O None of the above

Gender identity

O remale
Do you agree or disagree: | am proficient in using Al tools and technology. O Male
O Strongly disagree O Nonbinary/non-conforming
O Somewhat disagree O prefer not to respond

O nNeither agree nor disagree
O somewhat agree
O strongly agree
What best describes your race or ethnicity?
O american Indian or Alaska Native

D Asian or Asian American

Demographics O Black or African American
O Hispanic or Latino/a
Survey Page 1/5 O wmiddle Eastern or North African

O Native Hawaiian or Pacific Islander
O white or European
O prefer not to respond

< o

O 18-24 years
O 25-34 years
O 35-44 years
O 45-54 years Which state do you currently live in?
O 55-64 years

v
O 65 years or older

Figure 4: Online survey as presented by Qualtrics
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What best characterizes the area you live in?

O Rural
O suburban
O urban

How many people live in your household (including yourself) ?

survey Page 2/5

What is your highest level of education?

v

What is your annual household income?

O under $30,000

O $30000-$39,999
O $40,000-$49,999
O $50,000-$59,999

Technology Navigation (e.g. uploading tax
documents, scheduling online appointments)

Obtain and Understand Information (e.g.
understanding information related to heaith
or politics)

Creative Tasks (e.g. designing,
brainstorming, crafting)

Calculation Tasks (e.g. budgeting,
measurement conversions)

Writing Tasks and Reading (e.g. writing
emails, reading documents)

Communication Tasks (e.g. giving
instructions, explaining something to

someone)

Caring for Others (e.g. emotional support,
caring for children, a sick person, or a pet)

Learning New skills (e.g. recipes,
languages, hobbies)

Collaborating with Others (e.g. planning a
family trip, sharing expenses)

Physical Labor (e.g, cleaning, cooking, yard
work)

Survey Page 4/5

Never

O

o 0 0 o O O O O O

Never

Once
every
few
months

O

c O o0 O O O O O

months

A few
times a
month

O

o 0 o o o 0O O O O

A few
times
a week

O

o 0 0 o O O O O O

Daily

o

O 0O o 0o O O o0 O O

Daily

O $60,000-$69,999
O $70,000-$79,999
O $80,000-$89,999
O $90,000-99,999
O over $100,000
O Prefer not to say

What field do you currently or have previously worked in?

v

Task Ranking

Survey Page 3/5

The rest of the survey will focus on questions regarding the
following ten tasks.

How often do you encounter the following tasks in the past three months?

Pick 3 most important tasks, based on importance in your work or personal
life.

O Technology Navigation (eg. uploading tax documents, scheduling online
appointments)

[J obtain and Understand information (e.g. understanding information
related to health or politics)

O creative Tasks (e.g. designing, brainstorming, crafting)
O calculation Tasks (e.g., budgeting, measurement conversions)
[m] Writing Tasks and Reading (e.g. writing emails, reading documents)

O communication Tasks (e.g. giving instructions, explaining something to
someone)

] Caring for Others (e.g. emotional support, caring for children, a sick person,
or apet)

] Learning New skills (e.g, recipes, languages, hobbies)
] Collaborating with Others (e.g. planning a family trip, sharing expenses)
] Physical Labor (e.g, cleaning, cooking, yard work)

Pick the 3 tasks that have caused the most pain points in your work or
personal life.

D Caring for Others (e.g., emotional support, caring for children, a sick person,
or a pet)
] Physical Labor (e.g. cleaning, cooking, yard work)

O Technology Navigation (e.g. uploading tax documents, scheduling online
appointments)

O calculation Tasks (e.g. budgeting, measurement conversions)

Figure 5: Online survey as presented by Qualtrics
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[J obtain and understand Information (e.g. understanding information

related to health or politics)

] Writing Tasks and Reading (e.g. writing emails, reading documents)

] Collaborating with Others (e.g. planning a family trip, sharing expenses)

O Learning New skills (e.g. recipes, languages, hobbies)

[J communication Tasks (e.g. giving instructions, explaining something to

someone)

D Creative Tasks (e.g., designing, brainstorming, croft'\ng)

If you would like to elaborate further on the tasks that have caused the

most pain points in your work or personal life, please do so below.

Survey Page 5/5

Given your current resources and responsibilities, how much more
assistance do you need for the following tasks?

Given your current responsibilites, if an Al tool was good at the task, how
likely would you use it to assist you?

Technology Navigation (e.g. uploading tax
documents, scheduling online appointments)

Obtain and Understand Information (e.g.
understanding information related to health
or politics)

Creative Tasks (e.g. designing,
brainstorming, crafting)

Calculation Tasks (e.g. budgeting,
measurement conversions)

Writing Tasks and Reading (e.g., writing
emails, reading documents)

Communication Tasks (e.g. giving
instructions, explaining something to
someone)

Caring for Others (e.g. emotional support,
caring for children, a sick person, or a pet)

Learning New skills (e.g. recipes,
languages, hobbies)

Collaborating with Others (e.g. planning a
family trip, sharing expenses)

Physical Labor (e.g. cleaning, cooking, yard
work)

Extremely
unlikely

O

o 0 o o 0 o0 O O O

Neither
likely

or
Unlikely

o O

o 0 o o 0 o0 o0 O O
o 0 o o o 0O o0 O O

unlikely

Likely

O

o 0O o 0o 0 0 0 O O

Extremely
Likely

O

o 0 o o 0 0 o0 O o

Unst

C

a o o 0

Technology Navigation (e.g.
uploading tax documents, scheduling
online appointments)

Obtain and Understand
Information (e.g. understanding
information related to health or
politics)

Creative Tasks (e.g. designing,
brainstorming, crafting)

Calculation Tasks (e.g. budgeting,
measurement conversions)

Writing Tasks and Reading (e.g.,
writing emails, reading documents)

Communication Tasks (e.g. giving
instructions, explaining something to
someone)

Caring for Others (e.g. emotional
support, caring for children, a sick
person, or a pet)

Learning New Skills (e.g, recipes,
languages, hobbies)

Collaborating with Others (e.g.
planning a family trip, sharing
expenses)

Physical Labor (e.g, cleaning,
cooking, yard work)

None, | can A little Some A lot
monage  assistan assistan assistan

this fullyon  would be wouldbe  of would be
my own helpful helpful helpful

O

(0]

o O O O

o O O

O

o

O

O O O O

o O O

o

O

(@]

o O O O

o O O

O

O

O

o O O O

o O O

O

None, | can A little Some Alot
manage assistance assistance assistance
this fully on  would be wouldbe  of would be
my own helpful helpful helpful
Neither
likely
Extremely or Extremely
unlikely  Unlikely unlikely Likely — Likely — Unst
Neither
likely
Extremely or Extremely
unlikely  Unlikely unlikely ~Likely — Likely — Unst
Do you have any additional comments for us? If you encountered any
issues with the survey, please feel free to describe them as well.
V

Powered by Qualtrics

Figure 6: Online survey as presented by Qualtrics
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Prolific ID

What is your Prolific ID?

Please note that this response should auto-fill with the correct ID. If it's
blank or incorrect, please fill it out.

N

Technology Perspectives

Which of these artificial intelligence (Al) chatbots have you used?

O chatepet
O co-pilot

O claude

0O vama

O cemini

O characteral
[m} PerplexityAl

I

O None of the above

How often do you use Al chatbots?

(@] Daily

O A few times a week

O A few times a month
O once every few months
O Never

Do you agree or disagree: | believe Al is improving my quality of life.

O Strongly disagree

O somewhat disagree

O nNeither agree nor disagree
O somewhat agree

O Strongly agree

Do you agree or disagree: | believe Al is improving others’ quality of life

O Strongly disagree

O somewhat disagree

O Neither agree nor disagree
O somewhat agree

O Strongly agree

Do you agree or disagree: | am proficient in using Al tools and technology.

(@] Strongly disagree

O somewhat disagree

O Neither agree nor disagree
O somewhat agree

(@] strongly agree
Demographics

Age

O 18-24 years
O 25-34 years
O 35-44 years
O 45-54 years
O s5-64 years
O 65 years or older

Gender identity

O remdle

O wmale

(@] Nonbinary/non-conforming
O Prefer not to respond

What best describes your race or ethnicity?

O American Indian or Alaska Native
O asian or Asian American

O Biack or African American

O Hispanic or Latino/a

O wmiddile Eastern or North African

O Native Hawaiian or Pacific Islander
O white or European

O erefer not to respond

I

Which state do you currently live in?

v

What best characterizes the area you live in?

O Rural
O suburban
O urban

How many people live in your household (including yourself) ?

What is your highest level of education?

v

What is your annual household income?

O under $30,000
O $30,000-$39,999
O $40,000-$49,999
O $50,000-$59,999
O $60,000-$69,999
O $70,000-$79,999
O $80,000-$89,999
O $90,000-99,999
O over $100,000
O Prefer not to say

What field do you currently or have previously worked in?

v

Figure 7: Online Prolific experiment survey as presented by Qualtrics

1359



Recruitment email/post

Subject/Title: Invitation to participate in our research study on Broadening Applications of
Public Chat Models

Body: Dear [intended participant],

We are inviting you to be part of our research project about Broadening Applications of
Public Chat Models. The purpose of the research is to explore applications of chat models for
current non-users. You will be asked to 1) complete a pre-survey, 2) engage in a session where
you'll be asked questions about your daily activities, 3) shown a tutorial of ChatGPT completing
tasks 4) will be asked to complete an optional post-survey. The purpose of this research is to
gain insights into how people perceive and use AIL. We are specifically engaging with people
who have no experience with chat models to learn more about the challenging tasks they
encounter and whether chat models can help.

If you participate in our project, you will take part in a short online survey and a short interview
(45 - 60 minutes). You will be compensated with a $30 digital Amazon gift card for your time.

This research is conducted by the XXX.

For more information, please fill out the following form: XXXX
or contact XXXX

Thanks!

Broadening Applications Research Team

Figure 8: Sample Recruitment Email
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DESCRIPTION: You are invited to participate in a research study exploring the broader
applications of chat models, such as ChatGPT. The study involves understanding people's
perspectives, sentiments, and interactions with AI technologies. You will be asked to 1)
complete a pre-survey, 2) engage in a session where you'll be asked questions about
your daily activities, 3) shown a tutorial of ChatGPT completing tasks 4) will be asked to
complete an optional post-survey. The purpose of this research is to gain insights into
how people perceive and use AL

TIME INVOLVEMENT: Your participation will take approximately 45 - 60 minutes.

RISKS AND BENEFITS: The risks associated with this study are minimal, as the study
involves standard interaction with a computer interface and answering survey questions.
Study data will be stored securely, in compliance with XXX standards, minimizing the risk
of confidentiality breach. The survey data you submitted prior to this research study will
be linked with your interview data but this will all be stored in password safe accounts
and accessible only to researchers. The benefits which may reasonably be expected to
result from this study include obtaining an opportunity to learn more about chat models
and how this tool can be integrated into your daily life. While insights gained from this
study may contribute to the broader understanding of Al interaction, we cannot
guarantee personal benefits.

PAYMENTS: Upon completion, you will receive $30 USD in the form of an electronic
Amazon gift card as payment for your participation in this study.

PARTICIPANT'’S RIGHTS: If you have read this form and have decided to
participate in this project, please understand your participation is voluntary and you
have the right to withdraw your consent or discontinue participation at any time
without penalty or loss of benefits to which you are otherwise entitled. The alternative
is not to participate. You have the right to refuse to answer particular questions. The
results of this research study may be presented at scientific or professional meetings
or published in scientific journals. Your individual privacy will be maintained in all
published and written data resulting from the study.

In accordance with scientific norms, the data from this study may be used or shared
with other researchers for future research (after removing personally identifying
information) without additional consent from you.

CONTACT INFORMATION:
Questions: If you have any questions, concerns or complaints about this research, its
procedures, risks and benefits, contact the Protocol Director, XXX

Independent Contact: If you are not satisfied with how this study is being conducted,
or if you have any concerns, complaints, or general questions about the research or your
rights as a participant, please contact the XXXX to speak to someone independent of the
research team at XXXX or toll free at XXXX, or email at XXXX You can also write to the
XXX.

Indicate Yes or No:

May we contact you about future studies that may be of interest to you?
Yes No

Figure 9: Redacted Consent Form
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Broadening Applications of Public Chat
Models Pre-interview Survey

Thanks for your interest in participating in an interview for our research project about

Broadening Applications of Public Chat Models.

This information is private and will not be shared with others. Please read through the
consent form below and indicate your willingness to participate. If selected for interviews,

we will follow up with additional instructions.

1.

2.

3.

4.

8.

9.

Study Participation Consent

Consent

Please read the attached consent form at the link below and answer the following question.

Mark only one oval.

() I consent to participating in this study

) I do not consent to participating in this study

Basic Information

Name *

Email *

Age *

Optional: If you'd like to provide additional details on your cultural background,

please feel free to do so.

What is your level of English proficiency? *

Mark only one oval.

Elementary Proficiency
() 2 - Limited Working Proficiency

J 3 - Professional Working Proficiency

- Full Professional Proficiency

) 5 - Native / Bilingual Proficiency

5.

Gender identity *

Mark only one oval.

Non-binary/non-conforming
Prefer not to respond

) Other:

What state are you from?

My race or ethnicity is best described as: *
Check all that apply.

["] American Indian or Alaska Native

[] Asian or Asian America

D Black or African American

[ ] Hispanic or Latino/a

["] Middle Eastern or North African

["] Native Hawai'ian or Pacific Islander

[ White or European

D Prefer not to respond

[ other:

What is your occupation? *

Moark only one oval.

) Architecture and Engineering

(") Arts, Design, Entertainment, Sports, and Media

) Building and Grounds Cleaning and Maintenance

)0 |

) Business and Financial Operations
~) Community and Social Service

() Computer and Mathematical

) Construction and Extraction

Educational Instruction and Library

() Farming, Fishing, and Forestry

(") Food Preparation and Serving Related

) Healthcare Practitioners and Technical

) Healthcare Support

) Installation, Maintenance, and Repair

Legal

[ Life, Physical, and Social Science

(") Management

() Military Specific
(") Office and Administrative Support

() Personal Care and Service

() Production

Protective Service

__) Sales and Related

) Transportation and Material Moving

) O

__ Prefer not to respond

Figure 10: Pre-interview Screener Survey



11.  What is your employment status? *
Mark only one oval.

) Student

Fulltime employee

Part-time employee

Prefer not to respond

() other:

Study-Specific Qualifications

12.  For research qualification purposes, are you located in the United States? *

Mark only one oval.

13.  For compensation purposes, what is your US citizenship status?
Mark only one oval.

US Citizen

Permanent Resident

17. | can skillfully use Al applications of products to help me with my daily work. *

Mark only one oval

stro Strongly Agree

18.  ltis usually hard for me to learn to use a new Al application or product. *

Mark only one oval.

stro Strongly Agree

19. I can use Al applications or products to improve my work efficiency. *

Mark only one oval.

stro Strongly Agree

20. Icanevaluate the ities and i ions of an Al
using it for a while.

Mark only one oval.

stro Strongly Agree

or product after

Have you ever used ChatGPT or other chat-based language models? *

Mark only one oval.

In the past year, how often have you used ChatGPT or other chat-based language *
models?

Mark only one oval.

None
1-5 times

510 times

10+ times

Familiarity with Artificial Intelligence (Al)
For the following questions, please select the option that you feel best describes you.

16.

21.

| do not know how Al technology can help me. *

Mark only one oval.

stro Strongly Agree

| can choose a proper solution from various solutions provided by a smart agent. *

Mark only one oval

stro Strongly Agree

| can choose the most appropriate Al application or product from a variety for a
particular task.

Mark only one oval

stro Strongly Agree

This content is neither created nor endorsed by Google.

Google Forms

Figure 11: Pre-interview Screener Survey (Part 2)
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Introduction

[If needed] We are conducting formal interviews as a part of our research agenda and in an
effort to remain consistent across our interviews, Il be partially following a script and may seem
more formal than | typically am....

Hi, my name is [] and thank you so much for joining us today! I'l give a 2-minute overview of
the interview and then we'll get started.

I'm an [x] year student and my research interests are focused on artificial intelligence and
human-computer interactions. This project is called Broadening Applications and we are trying
to research the compatibility between current language technologies everyday user needs. In
this interview, we want to learn more about the tasks you have to accomplish in your daily life
whether it be related to work or personal life.

There are nine high-level questions with some follow-up questions and then we'll show you a
short 2-minute demo and conclude by asking reflective questions. The total interview will take
up to 60 minutes. It's helpful for us if you are able to answer in as much detail as possible and
there are no wrong answers.. We want to leam about your motivations, your processes, and
challenges you face.

As detailed in the consent form, we will be recording this interview to help us with transcribing
the interviews. Once our transcriptions are finalized, the video recordings will be deleted. All

ipts will also be with personal i i i tion removed. You are free
to stop this interview at any point during our conversation if you wish to do so. I'l also be taking
notes throughout the process and may need a little bit of time in between questions.

Do you have any questions at this point?

Okay great, I'l start the recording and make sure the transcriptions are turned on.

Part 1
1. Inabout 3 to 5 sentences, tell me about yourself.
a. Can you tell me more about X? How did you get started in that and what
motivates you to continue pursuing this interest?
b. And what is your with and i ing with
in your everyday work or personal life?

[Make sure you and the interviewee both feel “settled” before moving on to the next question!]

2. What are some tasks that are tedious to complete, that you think take longer than they
should?
a. [EXAMPLE] finding a new health care provider or scheduling an annual exam.

physical (any), intellectual «  Write a message to apologetically cancel my Friday night plans
(any), social (any) with my best friend in a very casual way in a text message.

What are the things | need to know if | want to do a kitchen

intellectual (information
renovation for under $10k?

gathering/learning)

Will you explain to me what a language model is?
Can you put it into simpler terms, like you're explaining it to a
middle schooler.

intellectual
(conceptualization/learing)

Will you summarize this document about applying for a visa and

intellectual (readingfwriting) put the requirements into bullet point form?

If 1 have a stipend of [$5500] to spend over nine weeks this
summer in San Francisco, excluding housing, come up with a
proposed budget for me. | am 32 and want to explore the outdoor

intellectual (numeracy) community.

intellectual
(creativity/content creation

Give me a list of rainy day activities that | can do with my 55 year
old mom and dog, please be really creative and specific.

intellectual (planning and
organizing)

Write a short grocery list for a family of four.
We are vegans. Can you update the list?

Here is an email | wrote, revise it

Dear Principal Watkins, my kid Danielle Parker will be missing
school on Monday, May 15 because she is sicl

Make an email subject

social (interaction)

What is a creative way | can teach my toddler about the benefits of
social (support) sharing?

11. Okay great! So we'd love to hear your reaction to this demo.

. What are your initial impressions, thoughts, questions?

. What are some tasks where you might use this tool?

What are some tasks where you wouldn't use this tool?

What are some challenges you think you might encounter with this tool?

o

aoo

12. Same question again, how likely (on a scale of 1 - 5) are you to use a tool like chat
models like ChatGPT in your everyday life? What are your hesitations about using it in
your life?

Debrief:
That's the conclusion of our interview. Thank you so much for your help and thoughtfulness.
Here, we're going to debrief very quickly about language models and the potential safety risks.

For example, if | ask a language model for books about [X] (e.g. psychology), it might just output

some random book titles that sound real but don't actually exist. Although our video
demonstrates the capabilities of language models, there are numerous cases where the model
hallucinates and produces false information. For important information seeking questions,
please be vigilant in verifying information.

w

. What are some tasks that are challenging for you to complete?
a. What is something that you've been meaning to do for a while?
b. How do you approach this task right now?
c. What happened the last time you tried to do it?

4. What are some topics that you have difficulty obtaining high-quality information for?
a. What are the barriers that prevent you from learning more about it?
b. Are there tools that could accelerate your learning?
c. [EXAMPLE] Finance, blockchain, retirement funds

o

. What are a few things that you wish were better explained to you?
a. [EXAMPLE] gerrymandering or intersectionality. It's a fuzzy concept that you wish
you had better understanding of

o

[If not already encountered] What are some tasks you encounter and require reading
and writing? What are the current difficulties that you encounter?

B

[If not already encountered] What are some tasks where you work with numbers and
need to make calculations? What are the current difficulties that you encounter?

®

. What are some creative tasks that you do as a part of your work or free time?

©

. What are some challenging tasks in your life that involve interacting with others?
a. y in the realm of inat iati
b. What about tasks around supporting others? This could include teaching,
advising, or caring for others?

=}

. So we've been talking about challenging and tedious tasks [summarize a few of the
tasks we discussed]. With these tasks in mind, how likely on a scale of 1 to 5 (being the
highest) are to use a tool like chat models like ChatGPT to help accomplish any of the
tasks mentioned before?

Part 2: Demo

Great! So that's the conclusion of the first part of our interview. Next, we will show you a short
demo of some of the tasks we've seen language models aptly complete. We hope that this
demo will help you build a better understanding of the mechanics and features of the tool to help

you potentially imagine how it could apply to tasks.

Demo prompts (select the most relevant examples to their tasks)

Help me find a time for the following people to meet based on
these schedules: Mark (free 5pm-12am Berlin Time Mon-Thurs),
Cathleen (free 12-3pm PT), Benji (free 1-3pm PT and 5-7pm PT)

physical (any), intellectual
(any), social (any)

Figure 12: Interview script read by interviewers. Highlighted parts are asked verbatim.
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TECHNOLOGY COGNITIVE INTERACTION ORGANIZATION PHYSICAL
Software Continuous Non—Trl\{lal Non—Needs: Cross—Culll}ral Pr"‘”fj ne Domestic ~ Unpaid ~ Accommo-  Physical
Interaction Learning Inforrpauon Calculat‘lo‘ns & Commum» Emotional Work Labor dations Chores
Retrieval Creativity cation Support
P1 X X X X
P2 X X X
P3 X X
P4 X X
P5 X X X
P6 X X X
P7 X X X X X
P8 X X X
P9 X X
P10 X X X X X X
P11 X X X
P12 X X X
P13 X X X
P14 X X X X
P15 X X X
P16 X X X X X X
P17 X X X X
P18 X
P19 X X X
P20 X X X X X X X
P21 X X X
P22 X X X
P23 X X X X
30% 39% 22% 70% 30% 30% 39% 43% 22% 22%

Table 6: Taxonomy of user needs and occurrences for each participant. Software interaction: interacting with
existing software systems Continuous learning: constantly learning new technologies Non-Trivial Information
Retrieval: finding or making sense of information unanswerable by search queries alone Cross Cultural Com-
munication: digital and real life communication across cultures and generations Providing Emotional Support:
supporting others Domestic Work: domestic duties, including the mental load Unpaid labor: historically unpaid
labor e.g., organizing, coordinating, planning Accommodations: seeking out and learning about physical accom-
modations Physical Chores: routine physical chores Non-needs: pain-free cognitive tasks like calculations and

creativity

. [ Non-Adopter
Painfulness == Adopter
*++: p-value < 0.001

Physical Communication Calculation Technology ~Caring for ~ Collaborating ~ Creative Writingand  Understand  Learning *
Tasks Tasks Tasks  Navigation  Others  withOthers  Tasks  Reading Information New Skills

Figure 13: This figure shows task painfulness rankings
between LLM adopters and non-adopters. Adopters re-
garded learning new skills as more painful compared to
non-adopters. However, many tasks don’t have a signifi-
cant difference between adopters and non-adopters.
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* :p-value < 0.05

Age **: p-value < 0.01

**+: p-value < 0.001

35-44 45-54 65 years
years years years years years or older
Income

Under  $30,000- * $40,000- $50,000- $60,000- $70,000- $80,000- $90,000-  OVer  prefer not
$30000 $39,999 $49,999 $59,999 $69,999  $79,999 $89999  $99999 $100,000 {0

respond

. e
Race/Ethnicity = Non-Adopter
[0 Adopter

B 2024 Census

. 20% oan 13% om 28 omx
White or Blackor  Hispanicor  Asian or American Native Other Prefer not to
European African Latino/a Asian  Indian/Native _Hawaiian or respond

American American  American  Pacific Islander

Figure 14: This chart visualizes age, income, and
race/ethnicity across non-adopter and adopters. Non-
adopters and adopters were similar across age groups.
Non-adopters tended to earn under $70,000 annually,
whereas adopters tended to be 18-34 years old.

* :p-value < 0.05

= Non-Adopter Importance - pvalue <001

@3 Adopter **% : p-value < 0.001

9.5%
I 6.4%

12.0%

11.7%

10.6%
6.2%  6.0%

8.2%

'

Learning Communication Collaborating Understand  Calculation
New Skills Tasks with Others  Information Tasks

Equal value between non-adopters
and adopters

Figure 15: This figure shows task importance rankings
between chat model adopters and non-adopters. These
tasks show no significant difference in prioritization
between adopters and non-adopters.
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