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Abstract
Older adults often struggle to articulate technology support needs
due to unfamiliar technical terminology and age-related cognitive
changes. We explore how large language models (LLMs) can fa-
cilitate this problem articulation process. Through a diary study
(𝑛 = 27), we identified four communication barriers in older adults’
queries: verbosity, incompleteness, over-specification, and under-
specification. To mitigate these, we developed an LLM pipeline
that clarifies context and paraphrases unstructured queries. LLM-
rephrased queries significantly improved automated solution ac-
curacy (69% vs. 35%). Furthermore, younger adults (𝑛 = 48) acting
as technology helpers understood LLM-rephrased queries better
(93.7% vs. 65.8%) and reported greater ease in providing support.
Older adults (𝑛 = 34) also found the resulting solutions highly ac-
tionable (94.7%). Finally, we contribute the first synthetic dataset
of older adults’ technology assistance queries (STAQ). This work
demonstrates how LLMs can improve technology support seeking
for older adults by addressing age-related communication barriers.
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1 Introduction
Digital technologies have become essential for accessing infor-
mation, obtaining services, maintaining social connections, and
participating fully in civic and economic life. Consequently, there
is a growing need among older adults to engage effectively with
these tools [1, 32, 41]. While a recent survey reports that nearly all
U.S. adults aged 50 and older now own at least one device—with
smartphone ownership rates comparable to younger adults—device
ownership has not inherently translated into broad or sustained
use [1, 36]. To bridge the gap between owning digital devices and
using them effectively, older adults often require reliable assistance
[27, 46, 58].

While limited technology uptake can reflect personal preferences
[33, 54], many older adults cite the lack of high-quality technology
support as a primary barrier to continued use [1, 58]. This need for
effective technology support is compounded by several age-related
factors. Many older adults encounter contemporary digital systems
later in life, without the structured learning or informal exposure
that younger generations experience through school, work, and
social contexts [17]. Furthermore, age-related cognitive changes
can make it more difficult to learn and retain new information
[6, 46, 58], frequently leading to a lack of digital confidence [5, 12].
These challenges and the fluidity of information to be processed by
older adults are exacerbated by the fast-evolving nature of software.
As applications frequently update and new interaction paradigms
emerge, older adults are forced to acquire entirely new mental mod-
els or schema—internal representations of how systems function
[24]. Forming these new models requires significant cognitive ef-
fort, which may tax an already aging working memory capacity
[63], particularly during moments of frustration or urgency (e.g.,
making repeated unsuccessful attempts [76] or rushing to cancel a
rideshare before a fee is charged [58]). Consequently, even minor
system changes can disrupt an older adult’s ability to navigate a
familiar tool or explain what went wrong.

When these disruptions occur, older adults typically prefer to
seek help from friends, family members, or trusted community re-
sources [4, 19, 30, 40, 57, 58]. Alternatively, some, with higher digital
skills, attempt to resolve issues independently by turning to search
engines or artificial intelligence (AI)-powered chatbots [29, 58]. In
either scenario, whether interacting with a human helper or an
automated system, the first step toward resolving a technology
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problem is being able to communicate it clearly. However, articu-
lating a technology problem requires more than simply stating that
an error occurred; it demands accessing specific vocabulary, apply-
ing a mental model of the system, and doing so under cognitive
constraints [60].

Age-related changes in processing speed and working mem-
ory capacity can complicate this task [10, 25, 37, 44]. For example,
reductions in these cognitive domains that naturally occur with
aging may make real-time problem-solving difficult and the ar-
ticulation of the underlying issue much more challenging [31].
Furthermore, while older adults often maintain broader general
vocabulary knowledge than their younger counterparts [10], this
advantage rarely extends to technology-related terms that are typi-
cally acquired later in life. Moreover, common cognitive conditions
such as mild cognitive impairment (MCI) can further impair cog-
nitive abilities beyond expected age-related alterations, making it
significantly more difficult to learn a new skill, adapt to system
changes, or articulate questions to acquire appropriate solutions
[16, 65].

Prior research highlights that older adults frequently experi-
ence uncertainty and a lack of confidence when attempting to
phrase technology questions effectively [19, 57, 58]. This uncer-
tainty makes technology support problematic on both ends; tech-
nology helpers frequently report difficulty understanding older
adults’ problem descriptions, particularly during remote or asyn-
chronous communication [57]. Despite these documented chal-
lenges, most AI-powered support systems assume older adults can
pose well-formed queries and anchor them to a specific interface
or interaction context [21, 68, 73]. Consequently, there remains a
critical gap between how systems expect users to ask for help and
how older adults naturally communicate their technical struggles.

In this paper, we examine how English-speaking, community-
dwelling older adults communicate technology problems in unstruc-
tured contexts, and how large language models (LLMs) can facilitate
the problem articulation process by translating natural descriptions
into actionable queries. By reducing the cognitive and verbal burden
on older adults, we aim to better align technology support systems
with real-world help-seeking practices. Specifically, we contribute:
(1) a characterization of organically occurring technology support
queries from older adults; (2) a few-shot prompt-chaining approach
that clarifies, paraphrases, and generates solutions for these queries;
(3) an evaluation of this pipeline with both younger and (4) older
adults; and (5) the development of STAQ (pronounced “stack”),
a dataset of synthetic technology assistance queries designed to
support the training of age-inclusive AI systems. Our findings un-
derscore the necessity of designing technology support tools that
reflect the realities of aging, communication, and cognition within
sociotechnical ecosystems.

2 Background
To situate our work, we review prior literature across three areas:
older adults’ help-seeking practices, age-related barriers in technol-
ogy problem articulation, and recent AI applications in technology
support.

2.1 Older Adults and Technology Support
The definition of an “older adult” is not fixed to a specific chronolog-
ical age [26, 67]. In the literature, definitions vary widely, ranging
from individuals aged 50 and above to those 70 and older [49, 71].
Aging is often experienced relative to specific environments, ob-
jects, or rapid technological changes [8]. In this work, we define
older adults as individuals aged 60 or over and adopt an anti-deficit
model of aging. This perspective avoids treating older users as a
“problematic other” or viewing aging as inherently disabling [34]. In-
stead, it recognizes that older adults are active, discriminating users
who evaluate technology based on perceived risk, personal values,
and cultural expectations [33, 57]. Notably, the need for technology
support is not universal among this demographic. Many older adults
possess high digital proficiency and frequently act as technology
helpers for their peers or other family members [22, 57, 58].

However, when older adults do struggle with technology use—for
instance, when encountering unfamiliar applications or system
updates—effective technology support remains critical to prevent
abandonment [19, 46, 57, 58, 74].While early technology acceptance
models emphasized facilitating conditions like instruction manuals
[6, 52, 66], contemporary research indicates a strong preference for
interactive and socially situated learning [46, 59]. During initial
onboarding, older adults may rely on professional instructors or
structured classes [22, 45]. However, during continued use, older
adults often turn to informal social networks, seeking step-by-step
guidance from trusted friends, family members, or peers [19, 57, 58],
or they engage in independent troubleshooting through trial-and-
error, online searches, or AI tools [19, 21, 75]. In either case, the
success of the intervention depends heavily on the older adult’s
ability to clearly communicate the problem to their technology
helpers or support tools.

2.2 Age-Related Barriers in Technology
Problem Articulation

Although older adults’ technology use and help-seeking behaviors
have been extensively studied [6, 40, 46, 58, 64], far less attention
has been given to how they communicate their technology prob-
lems. Articulating any complex problem is an inherently demanding
cognitive task. It requires working memory to hold the problem’s
parameters and executive function to retrieve the precise language
to describe it [55, 56]. While older adults typically maintain their
general vocabulary (crystallized intelligence), they frequently ex-
perience age-related declines in fluid cognitive abilities, such as
processing speed and working memory [48, 55]. During language
production, these fluid changes manifest as real-time word-finding
difficulties, tip-of-the-tongue states, and specific declines in action
verbal fluency—the ability to rapidly generate verbs [11, 31]. Conse-
quently, when explaining an unfamiliar situation, the high cognitive
load of navigating the problem space frequently disrupts efficient
word retrieval [63]. This cognitive bottleneck can force individuals
to substitute precise terminology with generalized phrasing, vague
referents, or lengthy narratives, creating a fundamental barrier to
technology problem communication.

Rather than formulating precise questions, older adults frequently
produce ambiguous queries that lack necessary context or rely on
vague descriptions of symptoms [19, 60]. The cognitive burden of
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translating a system error into an actionable question can be so high
that older adults may struggle silently or abandon tasks altogether,
a challenge that has prompted recent research into detecting user
frustration implicitly through interaction logs rather than relying
on explicit queries [27]. Recent reflexive research also suggests that
difficulties in problem articulation should not be viewed merely as
individual cognitive deficits; they are symptoms of rapidly evolving
sociotechnical systems that regularly outpace the mental models of
all users, but particularly affect those without continuous technol-
ogy exposure [36]. In structured user studies withwell-defined tasks
and think-aloud protocols, prior work has found that older adults
tend to use specific question words, such as “what,” “why,” and
“how” when encountering interaction issues [18] and ask distinct
types of questions during help-seeking from technology helpers
[76].

A limitation across prior studies examining these communication
barriers, is their reliance on specific applications, structured tasks,
and controlled settings [19, 21, 68, 73, 75, 76]. In organic contexts,
problem communication may be significantly more unstructured,
lacking in context, and far removed from the precise terminology
expected by automated technology support tools or technology
helpers.

2.3 Modern Support Tools using Foundation
Models

The emergence of large languagemodels (LLMs) and vision-language
models (VLMs) has shifted technology support from static knowl-
edge bases to dynamic, conversational interventions. Contempo-
rary systems increasingly leverage these foundation models across
three primary paradigms: automated customer support [62, 69],
tool learning—where models autonomously execute software tasks
[50]—and conversational assistants designed to guide software nav-
igation [28, 29]. To ground these conversational assistants in the
user’s specific context, developers employ different methods for
parsing graphical user interfaces (GUIs). Some tools extract the
application’s underlying view hierarchy and convert it into a struc-
tural representation (e.g., HTML) [68], whereas others rely on VLMs
to directly encode the visual and structural elements of the screen
[19, 73].

In technology support tools designed specifically for older adults,
prior work has leveraged LLMs to mitigate visual and cognitive
load, such as assisting users in finding a particular GUI element or
remembering a list of task steps. Techniques like dynamically re-
ducing an interface’s search space [75] demonstrate how intelligent
systems can simplify the navigation of complex applications. Recent
systems such as EasyAsk [21] and GuideMe [19] use foundation
models to generate contextual, in-app troubleshooting guidance for
independent use. EasyAsk employs a multimodal approach, combin-
ing voice queries and physical screen touches with an application’s
underlying view hierarchy to generate interactive tutorials [21].
GuideMe uses VLMs to process raw screenshots alongside natural
language queries, generating step-by-step visual instructions over-
laid directly on the interface [19]. However, the effectiveness of
these assistants depends strictly on the availability of rich contex-
tual inputs—specifically, direct access to the system’s screen state
or physical interaction with the interface [19, 21].

Despite these advancements, the burden of problem articulation
remains a critical bottleneck. Relying on granular screen access
[21] or manual screenshots [19] introduces additional effort and
privacy concerns for older users. Even when AI generates accurate
instructions, non-expert users may struggle to map that text back to
the interface [29], yet strongly prefer guided, “do-it-with-me” assis-
tance over completely autonomous execution [28]. Consequently,
while foundation models offer unprecedented troubleshooting ca-
pabilities, their practical effectiveness is fundamentally limited by
the initial problem articulation phase. If older adults cannot ef-
fectively communicate their contextual intent, the resulting guid-
ance—whether AI-generated or human-provided—will inevitably
fail to align with their actual needs.

3 How Older Adults Communicate Technology
Problems

In this section, we examine how English-speaking, community-
dwelling older adults describe technology-related problems as they
naturally occur in their everyday life. We first detail the method-
ology of our formative diary study, and then present a qualitative
analysis of the unstructured queries collected from our participants.

3.1 Methods
We conducted an online diary study to examine how older adults
communicate technology problems in real-world contexts. Eligi-
ble participants were aged 60 or older, used a mobile device (e.g.,
smartphone or tablet) at least once per week, and were proficient
in English. We focused specifically on mobile devices, as they are
currently the primary computing platforms used by older adults
[1]. Participants were recruited through community flyers, mailing
lists, social media platforms, and word-of-mouth. The diary study
lasted up to eight weeks, though participants could withdraw at any
time. No monetary incentives were provided. After initial contact,
a researcher (first author) met with participants to introduce the
research study. Participants were asked to message the research
team with any mobile device–related technology questions using
their preferred communication method (e.g., email, text, or What-
sApp). This approach aligns naturally with asynchronous remote
help-seeking, such as via text or email, as well as with indepen-
dent queries to search engines or AI agents [58, 59]. Participants
could communicate via text, screenshots, voice messages, or video
recordings of their screens. During the first meeting, each partici-
pant received both written instructions and video tutorials on how
to record audio, screen, and video using their device. They were
asked not to share any personal information at any point during
the study. To encourage participation, automated reminders were
sent every two days, and members of the research team responded
with technical assistance as an incentive. All communication, aside
from the initial onboarding, occurred asynchronously.

Midway through the study, we observed low engagement, with
participants submitting approximately one query per week on aver-
age. Follow-up interviews revealed that many older adults typically
reached out to family members or trusted technology helpers first
and only contacted the research team if the issue remained unre-
solved. To address this, we expanded recruitment to include adult
technology helpers (aged 18 or older) who had previously assisted
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Table 1: Key Characteristics of Older Adults’ Technology Queries (𝑁 = 57)

Characteristic Count Example(s)

Verbosity 9 “These are the START SCREENS screenshots on [name]’s computer. One for searching, the usual purpose
for booting up, and one for Click Bait. My computer combines the two and I do spend some wasted time
clicking on the icons. Any way to combine them? Or better, just dispense with the clickbait. And BTW,
the favorites are not necessarily the same. She hasn’t complained about hitting Facebook and getting my
Facebook account — lately.” — 80, man
“My wife [name] has been advised by trusted source that. . .Actually, it sounds like something we should
both do from time to time. . . I’m also confused.” — 70, man

Over-specification 12 “Argh. . . I have had this problem for a while and don’t even know how or why it happened. I want to
watch my wolf utubes with my phone or iPad in the horizontal position. All of a sudden it won’t turn
when I turn my phone. What happened?!! How do I fix it?!!” — 66, woman
“Need mobile recharge statement for reimbursement but not able to download from app. My son is out of
station and he asked for recharge statement for his company for reimbursement.” — 60, woman

Under-specification 13 “I’m trying to watch a cooking video on YouTube, but I can’t understand what they’re saying. Can you
help me?” — 62, woman
“I’m really having trouble with my Kindle app. It’s been acting weird — the books I read daily aren’t
syncing between my phone and tablet, and I can’t download any new ones. Also, the text is too small,
and I have no idea how to fix it.” — 60, man

Incompleteness 24 “I come back to phone and it’s blown up so huge I can’t move it. [name] helped me resolve it by just
clicking on it. There’s gonna be one every day.” — 61, woman

older adults. These helpers were asked to document asynchronous
help interactions by submitting message transcripts, summarizing
the issue in their own words, and reporting whether the issue was
successfully resolved. As is common in longitudinal research with
older adults, not all participants remained engaged for the full eight
weeks [2, 15].

3.2 Results
We collected diary entries from 27 older adults (13 women;Mdn age
= 66, age range = 60–87). Of these participants, 17 were recruited
indirectly through their technology helpers. Over the study period,
the number of queries submitted by each participant ranged from
one to ten. All queries were unique; no participant asked about the
same issue more than once. Participants reported using a variety
of mobile devices, including iPhones, iPads, Android smartphones,
and Amazon Fire tablets.

We collected 57 queries in text format, nine of which included
a screenshot. No voice or video recordings were provided. These
messages spanned 34 distinct mobile applications. Although all
queries addressed different problems, two remained unresolved
due to participant attrition. The dataset included both the original
query and the full transcript of the asynchronous conversation that
followed, either with a technology helper or a researcher. Query
length varied substantially, ranging from 5 to 223 words (Mdn = 65,
IQR = 27).

To categorize the types of questions, we first applied an existing
taxonomy of older adults’ technology-related queries [76], which
classifies problem articulation into five distinct categories: valida-
tion (verifying if an action is correct), directed informational (asking

how to execute a specific step), undirected informational (lacking
intuition on what UI features to use next), navigational (locating a
feature), and conceptual (understanding the system’s underlying
model). Two researchers independently coded the dataset using
a coding reliability thematic approach [9], achieving substantial
interrater agreement (Cohen’s 𝜅 = 0.72). Following consensus, the
final classification yielded four validation, 14 directed informational,
23 undirected informational, five navigational, and 11 conceptual
questions. Although undirected informational queries dominated
our corpus, prior research using this taxonomy observed that older
adults primarily asked validation questions [76]. This likely reflects
methodological differences. Earlier tasks were synchronous and
conducted with a researcher present, likely prompting users to
seek reassurance—which was not feasible in our asynchronous,
naturalistic setting.

In addition to question type, we conducted a reflexive thematic
analysis [9] to examine how older adults articulated their technol-
ogy problems. The first author analyzed the queries inductively
using open coding, referencing the entire conversation as needed.
Then, the codes were discussed and iterated in group data analy-
sis sessions until key themes were identified. To identify the open
codes, we grounded our analysis in the aging literature about verbal
knowledge, verbal fluency, and age-related changes in fluid and
crystallized intelligence. We identified four recurring characteris-
tics in how queries were articulated: excessive detail that obscured
the core issue (verbosity), inclusion of non-essential specifics (over-
specification), omission of relevant information (under-specification),
and a lack of critical context (incompleteness).

The technology queries often suffered from verbosity, incorpo-
rating superfluous details that delayed a clear understanding of the
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underlying issue (e.g., “My wife [name] has been advised by trusted
source that...Actually, it sounds like something we should both do from
time to time...I’m also confused...” —70, man). In contrast, other re-
quests were concise but filled with highly specific situational details,
complicating the identification of the root problem (e.g., “Need mo-
bile recharge statement for reimbursement but not able to download
from app. My son is out of station and he asked for recharge statement
for his company for reimbursement” —60, woman). Queries also fre-
quently lacked granular but critical context—such as whether a user
was trying to cancel an ongoing or a scheduled rideshare—or they
compounded multiple issues without defining the scope of each
sub-problem (e.g., “I’m really having trouble with my Kindle app.
It’s been acting weird - the books I read daily aren’t syncing between
my phone and tablet, and I can’t download any new ones. Also, the
text is too small, and I have no idea how to fix it.” —60, man). In this
example, it remains unclear if the text size issue applies to the tablet,
the phone, or just the newly downloaded books. Ultimately, the
most prevalent characteristic of these queries was the absence of
necessary diagnostic information, specifically the device type, oper-
ating system, or application in question. Furthermore, participants
occasionally used unconventional or metaphorical language that re-
quired interpretation—for example, referring to voice commands as
‘tongue,’ describing a locked phone as ‘power going off,’ or calling
dark mode ‘screen going dark.’ Table 1 provides illustrative exam-
ples of each characteristic. Note that a query may exhibit multiple
characteristics, such as both verbosity and incompleteness.

In summary, our analysis identified several characteristics in
older adults’ technology problem articulation that may hinder prob-
lem resolution. These patterns, along with occasional use of uncon-
ventional vocabulary, point to a need for interventions that support
clearer, more effective communication. To address this, we next
explore how large language models can be used to reformulate older
adults’ queries so that they can be more readily resolved—whether
by asking someone, searching online, or interacting with an AI-
based support tool.

4 Reformulating Technology Problems with
Large Language Models

After examining the different characteristics of older adults’ tech-
nology queries, we set out to reformulate them so that they can be
resolved independently, for example, by searching online or ask-
ing a chatbot, or communicated effectively to technology helpers.
When designing a solution, we chose to address two age-associated
characteristics of our dataset: (1) 9/57 entries included a screenshot
of the relevant user interface (UI), implying screen-related informa-
tion is a rarity, and (2) a lack of essential contextual information
that the technology helpers had to elicit via follow up questions
in order to resolve the problem. These patterns challenge the as-
sumptions of existing question-answering solutions that pertinent
UI information is always available, [19, 21, 68, 73]. To address these
issues, we next explore how large language models (LLMs) can be
used to reformulate older adults’ original queries—making them
easier to understand, and ultimately easier to resolve.

4.1 Methods
We selected two models, GPT-4o [3] and OS-ATLAS [73], to develop
our approach. GPT-4o is an LLM, and OS-ATLAS is a foundational
action model developed for graphical user interface (GUI) ground-
ing and agentic tasks beyond its training distribution. We included
OS-ATLAS due to its ability to operate without relying on exter-
nal APIs and its strength in GUI grounding. GPT-4o was chosen
as a general-purpose language model for its strong generalization
capabilities and versatility [73]. Compared to other LLMs, such
as Gemini, LLaMA, and Claude, GPT-4o demonstrates superior
reasoning ability, causal coherence, and overall accuracy [39].

For our evaluation pipeline, GPT-4o was specified as OpenAI’s
Chat Completions API with the model identifier gpt-4o. Because
we did not pin a dated snapshot in the initial API configuration,
calls used the dynamic production version active during the evalu-
ation window, December 2024–March 2025. OS-ATLAS was speci-
fied as OS-Copilot/OS-Atlas-Base-7B, built on the open-source
Qwen2VLForConditionalGeneration architecture with a Qwen2
-VL-7B backbone, and evaluated locally using the Hugging Face
Transformers library [72].

We used a subset of queries collected in the diary study (de-
scribed in Section 3) for prompt engineering and model evaluation.
Only queries that were understandable without screenshots and
had been successfully resolved were included. Two researchers in-
dependently reviewed the 51 eligible queries and, when available,
their follow-up messages to identify the underlying technology
problem. Interrater reliability was high (Cohen’s 𝜅 = .89). The final
dataset consisted of these 51 queries, their associated conversations,
and expert annotations of the problems.

We developed confidence-aware prompts for GPT-4o and OS-
ATLAS using an iterative few-shot prompting strategy, with sep-
arate iterations tailored to each model’s architecture. Although
the final prompts varied slightly, the same three example queries
from our dataset were used in the workflow across both models to
ensure consistency. Each prompt guided the model through four
tasks: (1) analyze the original query to identify missing contextual
details; (2) generate up to three follow-up questions to elicit that
information; (3) paraphrase the query into one or more concise,
complete questions suitable for a Google search; and (4) provide a
single, confident solution—defined as at least 90% confidence for
GPT-4o and 80% for OS-ATLAS (Figure 1).

Throughout the iterations, we tested the prompts using repre-
sentative examples covering diverse query types, including step-
by-step instructions, explanations of technology concepts, and han-
dling of impossible asks. Feedback from these tests was used to re-
fine the prompts, addressing issues such as redundancy in follow-up
questions, absence of important details in the paraphrased question,
or use of overly technical terminology in the solution. Instructions
were added to allow the models to break down complex requests
into multiple paraphrased questions. Both models were explicitly di-
rected to prioritize clarity and simplicity in their solutions, avoiding
multiple alternatives to ensure usability for older adults. The itera-
tive refinement process ensured that each model’s prompt achieved
good performance while aligning with the design objectives. To
reduce hallucination risk, we implemented confidence thresholds.
Although language model “confidence” is a heuristic rather than a
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Figure 1: Our few-shot prompt chaining approach with large language models operates as follows: First, a query from an older
adult is input into the model (A), which is then instructed to generate follow-up contextual questions (B). The model is provided
with a few examples (a, b) for guidance. Older adults would then answer these questions to supply contextual information (C).
Next, the model takes the original query, contextual questions, and provided contextual information as inputs to generate a
paraphrased query (D), with additional examples (c, d) included for reference. Finally, using another set of examples (e, f), the
model is asked to generate a solution to the paraphrased query (E).

statistical measure, these thresholds ensured that solutions were
only generated when themodel demonstrated sufficient comprehen-
sion, thereby improving response reliability. A lower threshold was
necessary for OS-ATLAS, because it is a specialized action model
rather than a general-purpose LLM; applying the 90% threshold
caused it to over-trigger safety instructions and frequently return
“I don’t know.” The 80% threshold ultimately provided a better bal-
ance between hallucination mitigation and response yield. The final
prompts are available in the Appendix A.

4.2 Results
4.2.1 Model Workflow. GPT-4o was accessed through the OpenAI
API, while OS-ATLAS was run locally. For each of the 48 origi-
nal queries included in the evaluation (3/51 was used in prompt
engineering), we followed a standardized workflow:

(1) The original query is input into the model, which is then
instructed to generate follow-up contextual questions.

(2) Responses to these generated questions, i.e., contextual infor-
mation, are provided to the model from our corpus collected
through the diary study. If no relevant response is available,
the model receives “I do not know” as input. Note that our
corpus included not only the queries but also the conversa-
tions between technology helpers and older adults leading
up to problem resolution. Most resolutions required eliciting
additional contextual information.

(3) The model is subsequently instructed to paraphrase the orig-
inal query into a concise, complete format suitable for a
simple Google search.

(4) Finally, the model is asked to provide a single solution to
the paraphrased query. Solutions may include step-by-step

instructions, conceptual explanations, or a brief rationale for
why the query could not be resolved.

4.2.2 Model Evaluation. Model outputs were evaluated for para-
phrasing and solution-giving effectiveness. Paraphrasing effective-
ness was assessed based on expert judgment and categorized into
three levels: correct, partially correct, and incorrect (see Appendix
A for examples). Partially correct paraphrasing either omitted es-
sential parts of the original query or introduced hallucinated details.
Two experts (the first and second authors) independently rated the
paraphrasing effectiveness of both models, achieving inter-rater
agreement (Cohen’s 𝜅) of .75 for OS-ATLAS and .85 for GPT-4o. Dis-
agreements were discussed and resolved before final categorization
(Table 2).

Expert evaluation of paraphrasing effectiveness revealed that
GPT-4o substantially outperformed OS-ATLAS. GPT-4o produced
correct paraphrases for 68.8% of the queries, compared to only 12.6%
for OS-ATLAS. OS-ATLAS outputs were more frequently rated as
partially correct (43.7%) or incorrect (43.7%), whereas GPT-4o had
far fewer partially correct (25%) and incorrect (6.2%) responses.
We did not evaluate the paraphrased queries with older adults for
two reasons. First, the goal of paraphrasing was to improve the
likelihood of obtaining a timely and accurate solution, rather than to
assess how older adults perceived the paraphrased queries. Second,
the same challenges that led older adults to generate problematic
original queries would likely prevent them from accurately judging
the effectiveness of the paraphrased queries [42, 70].

Solution-giving effectiveness was assessed based on the per-
ceived accuracy of the solution, categorized into three levels: correct,
partially correct, and incorrect (see Appendix A). The ground truth
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Table 2: Expert evaluation of paraphrasing effectiveness (%)

Evaluation GPT-4o OS-Atlas

Correct 68.8 12.6
Partially correct 25 43.7

Incorrect 6.2 43.7

for this evaluation was available because all those technology prob-
lems had been resolved during the diary study with older adults. A
correct solution for each technology query was created by the first
author, who extracted the correct steps from the diary study conver-
sations and structured them following the same instructions given
to the models in the prompts. These diary-study resolutions served
as a reliable baseline by confirming that each problem was solvable
and showing one successful workflow. However, during evaluation,
experts assessed whether each model output was functionally ac-
curate, ensuring that technically valid alternative solutions were
scored as correct if they resolved the core issue. A comparison of
the two models’ effectiveness is presented in Table 3. In the Google
search condition, all correct solutions appeared within the first five
results, excluding AI-generated content. Only the top 20 Google
search results were reviewed to identify a solution. Both models
responded with “I do not know” to three queries, one of which was
common to both. Additional quantitative evaluation of the model
outputs is available in the Appendix A.

Our findings demonstrate that LLMs—particularly GPT-4o—can
effectively reformulate older adults’ technology-related queries,
even when those queries are vague, imprecise, or lacking critical
context. We next examine how LLM-rephrased queries are per-
ceived and interpreted by technology helpers, who play a critical
role in resolving older adults’ technology issues.

5 Evaluation of LLM-Rephrased Queries with
Technology Helpers

Older adults often rely on younger individuals for technology sup-
port. However, prior research suggests that younger technology
helpers frequently struggle to understand the problem before they
can offer effective assistance [19, 21, 57, 58]. Ideally, LLM-rephrased
queries should help mitigate this communication barrier. To eval-
uate this possibility, we conducted a controlled experiment with
younger adults to assess whether LLM-generated paraphrases of
older adults’ technology queries improved perceived understand-
ing, confidence, and ease of interpretation relative to the original
queries.

5.1 Methods
Adults aged 18 to 50 were recruited to participate in a controlled
experiment evaluating LLM-rephrased technology queries. Eligibil-
ity criteria included age and demonstration of at least professional
working proficiency in English, verified through a brief language
screener. No participants from our diary study (Section 3) was part
of this evaluation. Participants were recruited via social media plat-
forms and word-of-mouth referrals. No monetary compensation
was provided. The experimental materials consisted of query pairs:
original queries collected from older adults (as described in Section

3) and their corresponding LLM-reformulated versions generated by
GPT-4o using the pipeline outlined in Section 4. To ensure content
quality, only query pairs that had received a correct paraphrasing
rating during expert evaluation were included (69% of 48 queries).
A total of 33 query pairs were included in the study. Each partic-
ipant rated five of these pairs, which were selected using a Latin
square design to ensure balanced and systematic coverage across
participants.

Query pairs were presented sequentially—original followed by
rephrased—with the order of the pairs randomized for each par-
ticipant. Participants were not informed which version had been
reformulated by an LLM or whether either query was drawn from
real users. For each query, participants were first asked whether
they understood the query (response options: yes, no, maybe, I
don’t know). If they selected any response other than no, they were
then asked to rate their confidence in understanding and ease of
understanding, both on 5-point Likert scales.

In addition to these comprehension-related measures, partici-
pants completed demographic questions and an adapted version of
the Digital Literacy Scale [7] (Appendix B) to assess their own digi-
tal proficiency. All procedures were conducted online. Following
informed consent and eligibility screening, participants reviewed a
randomized set of query pairs. All study materials were adminis-
tered using the Qualtrics platform.

With query type (original vs. LLM-rephrased) as the independent
variable, and comprehension, perceived confidence, and perceived
ease of understanding as dependent variables, we tested the follow-
ing hypotheses:

H1: Participants will understand significantly more rephrased
queries than original queries.

H2: Participants will report significantly greater confidence in
understanding rephrased queries than original queries.

H3: Participants will find rephrased queries significantly easier
to understand than original queries.

5.2 Results
5.2.1 Participants. Forty-eight participants (Mdn age = 28 years,
IQR = 3.25,8 range = 19–47) completed the study. Each of the 33
unique query pairs was evaluated by between 3 and 6 participants
(Mdn = 5.0, IQR = 1.0). The sample included 25men, 18 women, 3 par-
ticipants who identified as genderqueer or gender non-conforming,
1 trans male/trans man, and 1 participant who preferred not to
disclose their gender. Participants represented a diverse range of
ethnic backgrounds: 19 identified as White, 11 as Asian, 9 as Mid-
dle Eastern or North African, 4 as Hispanic/Latino, 2 as Black or
African American, 2 as Other, and 1 declined to report their ethnic-
ity. Participants reported high digital literacy (Mdn = 4.88, IQR =
0.31, on a 5-point scale). Most participants (n = 44) indicated either
native or full professional proficiency in English. Additionally, a
majority (n = 31) had experience helping older adults with technol-
ogy, primarily in a personal capacity; among these, 23 participants
(74%) had been providing technology support for more than five
years.

5.2.2 Hypotheses Testing. Participants reported understanding the
rephrased queries significantly more often (n = 149, 93.7%) than the
original queries (n = 106, 65.8%). A McNemar’s test confirmed that
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Table 3: Expert evaluation of solution effectiveness (%)

Paraphrasing by None GPT-4o OS-Atlas OS-Atlas GPT-4o
Solution by Google Google Google OS-Atlas GPT-4o

Correct 35.4 68.8 35.4 10.4 68.8
Partially correct 2.1 22.9 10.4 10.4 14.6

Incorrect 62.5 8.3 54.2 79.2 16.7

this difference was statistically significant, 𝜒2(1, N = 55) = 35.20, p
<.001, with a large effect size (𝑂𝑅 = 10.0). Thus, H1 was supported.

AWilcoxon signed-rank test revealed that participants expressed
significantly greater confidence in understanding the rephrased
queries (Mdn = 5.00, IQR = 0.00) compared to the original queries
(Mdn = 4.00, IQR = 1.50), V = 287.00, p < .001, with a medium effect
size (r = .50), supporting H2 (Figure 2).

Participants also rated the rephrased queries as significantly
easier to understand (Mdn = 5.00, IQR = 0.50) than the original
queries (Mdn = 4.00, IQR = 1.00), V = 395.00, p < .001, with a medium
effect size (r = .56), supporting H3 (Figure 2).

5.2.3 Additional Analysis. Spearman’s rank-order correlationswere
conducted to examine the relationship between participants’ self-
reported digital literacy and understanding, confidence, and ease
when responding to the original and rephrased queries. For origi-
nal queries, digital literacy was weakly positively correlated with
understanding, 𝜌 = .12, p = .041, and weakly negatively correlated
with confidence, 𝜌 = –.12, p = .038. No significant correlations were
observed for rephrased queries: digital literacy was not significantly
associated with understanding, confidence, or ease. These results
suggest that participants with higher digital literacy were slightly
more likely to understand the original queries but paradoxically
felt less confident in their responses.

To further explore the impact of rephrasing, an improvement
score was calculated as the difference in understanding between
rephrased and original queries. A Spearman correlation revealed
a significant negative association between digital literacy and im-
provement in understanding, 𝜌 = −.33, 𝑝 = .022. This indicates
that participants with lower digital literacy benefited more from
rephrased queries, reporting greater gains in understanding than
their more digitally literate counterparts.

We also tested whether prior experience as a technology helper
to older adults influenced comprehension. A Mann–Whitney U test
indicated no significant difference in comprehension of original
queries between technology helpers and non-helpers, U = 3243.00,
p = .193. To determine whether technology helpers and non-helpers
reported equivalent understanding of rephrased queries, a TwoOne-
Sided Tests (TOST) procedure was conducted [35]. Equivalence
bounds were set at ±0.50 standardized units, corresponding to a
moderate effect size (Cohen’s d). The observed mean difference
in understanding was small (M difference = 0.08), and both one-
sided tests were statistically significant, ps = .030 and < .001. These
results support the conclusion that technology helpers and non-
helpers reported statistically equivalent levels of understanding for
rephrased queries, within a moderate equivalence margin.

In this section, we showed that LLM-rephrased queries improved
comprehension, confidence, and clarity among younger adults, in-
cluding those with prior experience supporting older adults with
technology. However, communicating the problem is only one part
of the support process. In the next section, we assess whether the
LLM-generated contextual questions and solutions are understand-
able and useful to older adults themselves.

6 Evaluation of LLM-Generated Solutions with
Older Adults

In Section 4, we introduced our few-shot prompt chaining approach
(Figure 1), which rephrases the original technology query and gener-
ates a corresponding solution. However, the success of this pipeline
hinges on two critical factors: first, whether older adults feel com-
fortable and capable of answering the contextual follow-up ques-
tions generated by the model; and second, whether the solutions
themselves are understandable, actionable, and elicit confidence.
Although expert raters found the GPT-4o-generated solutions to
be accurate 69% of the time, their practical value depends on how
well older adults can understand and follow them. In this section,
we assess those aspects with older adults.

6.1 Methods
We conducted a controlled experiment to evaluate older adults’
perceptions of LLM-generated follow-up questions and solutions.
Participants were eligible if they were aged 60 years or older and
demonstrated at least limited working proficiency in English, veri-
fied through a self-assessment screener. No participants from our
diary study (Section 3) was part of this evaluation. Recruitment was
conducted via social media platforms and word-of-mouth referrals.
No monetary compensation was offered.

Participants evaluated LLM-generated follow-up questions based
on three criteria: (1) whether they felt able to answer the question
(response options: yes, no, maybe), (2) their confidence in their
answer, and (3) the perceived ease of answering it. They also eval-
uated LLM-generated solutions using a parallel set of measures:
(1) whether they felt able to follow the solution (response options:
yes, no, maybe), (2) their confidence in following it, and (3) the
perceived ease of doing so. If participants selected any response
other than no, they were asked to rate their confidence and ease
using 5-point Likert scales.

Eighty-five unique follow-up questions and 36 unique solutions
generated by GPT-4o were included for evaluation. Only solutions
that had received a correct rating from expert evaluators in Section
3 were included to ensure content quality. To personalize the study
experience, participants were first asked which mobile devices they
currently use (e.g., smartphone, tablet, Kindle). Survey content was
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Figure 2: Younger adults reported significantly greater confidence and ease in understanding the LLM-rephrased queries (left).
Older adults rated their confidence in responding to LLM-generated follow-up questions as high, but their ease of answering as
moderate (center). Similarly, older adults reported high confidence in their ability to follow the solutions, but rated the ease of
doing so as moderate (right).

then dynamically filtered so that participants only reviewed content
relevant to the devices they reported using. Three follow-up and
two solutions were not rated because none of our participants
reported using the related mobile devices.

After completing eligibility screening and providing informed
consent, participants were shown a randomized subset of follow-
up questions and solutions. They then rated each item using the
measures described above. All materials were administered online
using the Qualtrics platform. At the end of the study, participants
completed a brief demographic questionnaire and the 14-item Mo-
bile Device Proficiency Questionnaire (MDPQ-14; range: 14 to 70
[53]).

6.2 Results
6.2.1 Participants. Thirty-four older adults (Mdn age = 72 years,
IQR = 10.75, range = 63–91) participated in the study. Of those who
provided demographic information, 19 identified as women and 7
as men. The majority of participants identified as White (n = 25).
Educational attainment varied: seven participants reported holding
a high school diploma, three had a 2-year degree, seven held a 3-
or 4-year degree, seven had a master’s degree, and three held a
doctoral degree. In terms of living arrangements, 18 participants
lived independently, four lived with family, and four resided in a
senior living community. English proficiency was generally high,
with 17 participants reporting full professional proficiency, eight
reporting native or bilingual proficiency, five reporting professional
working proficiency, and four reporting limitedworking proficiency.
Self-reported mobile device proficiency was moderate to high (Mdn
= 62.0, IQR = 2.15).

Participants rated 82 unique LLM-generated follow-up questions
and 34 unique LLM-generated solutions. The number of follow-up
questions rated per participant ranged from 1 to 20 (Mdn = 16, IQR
= 3.75), with most participants rating between 14 and 18 items. For

the solution items, participants rated between 1 and 12 solutions
(Mdn = 6, IQR = 5.0), with most providing responses for 6 to 10
solutions.

6.2.2 LLM-Generated Follow-upQuestions. Participants reported
high levels of perceived ability to respond to the LLM-generated
follow-up questions. Across all ratings, 79.8% of responses indicated
‘Yes’ and 10.0% indicated ‘Maybe’ when asked if they could answer
the question, suggesting strong engagement with some uncertainty.
Confidence in their ability to respond was also high (Mdn = 5.0, IQR
= 1.0), while ease of answering was rated as moderate (Mdn = 4.0,
IQR = 1.0; Figure 2).

Spearman’s rank-order correlation revealed that mobile device
proficiency was positively associated with both confidence (𝜌 =
.40, p < .001) and ease of answering (𝜌 = .56, p < .001). There was
also a small but statistically significant correlation between digital
proficiency and likelihood of responding ‘Yes’ to whether they could
answer the question (𝜌 = .18, p = .003), indicating that participants
with higher technology proficiency felt more capable of responding
the contextual questions.

6.2.3 LLM-Generated Technology Solutions. Regarding the LLM-
generated solutions, 81.6% of responses indicated participants could
follow the solution, and an additional 13.1% responded ‘Maybe.’
These results suggest that most participants found the solutions ac-
tionable, with a subset expressing partial confidence or uncertainty.
Participants reported high confidence in their ability to follow the
solutions (Mdn = 5.0, IQR = 1.0) and generally rated the ease of
following the instructions as moderate (Mdn = 4.0, IQR = 2.0; Figure
2).

Spearman rank-order correlations were also conducted to exam-
ine whether digital proficiency and education level were associated
with participants’ confidence, ease, and perceived ability to follow
proposed technology solutions. Digital proficiency showed strong,
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statistically significant associations with all three outcomes: con-
fidence (𝜌 = .53, p < .001), ease (𝜌= .47, p < .001), and ability to
follow the solution (𝜌 = .44, p < .001). In contrast, education level
was moderately associated with confidence (𝜌 = .34, p < .001) and
perceived ability to follow the solution (𝜌 = .31, p < .001), but not
significantly related to ease.

In sum, our results show the promise of LLM-generated query
reformulation and technology support in improving older adults’
technology experiences. However, scalable development remains
challenging. Most models are trained on data from younger, dig-
itally fluent users, often overlooking the communication styles
and cognitive needs of aging populations [68, 73]. To address this,
next we created a synthetic dataset that reflects these overlooked
characteristics.

7 STAQ: A Synthetic Technology Assistance
Queries Dataset for Training Age-Inclusive AI
Systems

Developing equitable AI systems that support older adults requires
training data that reflect the realities of aging. Within HCI, there is
a rightful consensus that empirical, human-centered data collection
cannot be replaced. However, requiring older adults to participate in
the exhaustive, high-volume data generation necessary to pre-train
or fine-tune modern foundation models is both practically prohibi-
tive and ethically burdensome. Consequently, most large-scale train-
ing datasets default to younger demographics, leaving older adults
structurally underrepresented. We acknowledge that synthetic data
should never replace participatory design or human evaluation;
rather, it can serve as a necessary, scalable bridge for model train-
ing. By using large language models to systematically amplify em-
pirically observed behaviors—rather than relying on stereotypical
assumptions—researchers can simulate underrepresented commu-
nication barriers without extracting endless labor from vulnerable
populations. To this end, this section introduces STAQ (Synthetic
Technology Assistance Queries), pronounced “stack”: a synthetic
training dataset grounded in the real-world, unstructured queries
collected during our formative diary study (Section 3). Our dataset
is publicly available in the Zenodo repository1.

7.1 Dataset Development
We generated synthetic data using few-shot prompting with GPT-
4o, guided by the communication characteristics of older adults’
technology queries identified in Section 3: verbosity, over-specification,
under-specification, and incompleteness. Each prompt included
three example pairs—an original query exhibiting one of these
characteristics and a corresponding expert-generated paraphrase
(see Appendix C). To ensure diversity while maintaining realism,
the model was instructed to vary the types of technical issues. To
prevent the model from generating ageist stereotypes, we did not
instruct the LLM to emulate a generic “older adult.” Instead, the
generation was strictly anchored in the empirical data, requiring
the model to mirror the specific conversational phrasing, expres-
sions of uncertainty, and informal tone observed in our real-world
dataset.

1https://doi.org/10.5281/zenodo.21323107

To examine linguistic characteristics and validate the realism of
the generated text, we analyzed token length and lexical diversity.
On average, the synthetic original queries contained 𝑀 = 58.89
tokens, whereas the paraphrases averaged𝑀 = 23.75 tokens (range:
13 to 174 tokens). We also calculated the type-token ratio (TTR) to
assess lexical repetition. In the synthetic dataset, queries written
in the older adult style yielded a TTR of 0.858, compared to 0.937
for expert paraphrases. A similar pattern was observed in the real-
world dataset (TTR = 0.842 for older adults vs. 0.890 for experts),
demonstrating that the synthetic queries successfully mirrored
authentic communication patterns.

7.2 Dataset Composition
The STAQ dataset comprises 514 instances, distributed across four
categories: verbosity (𝑛 = 120), over-specification (𝑛 = 120), under-
specification (𝑛 = 154), and incompleteness (𝑛 = 120). Each instance
includes a technology-related query written in the communication
style of older adults, paired with an LLM-generated paraphrase that
clarifies the intended meaning. Illustrative examples are provided
in Table 4.

7.3 Dataset Evaluation
We evaluated the STAQ dataset on two key dimensions: fidelity and
face validity. Fidelity refers to the extent to which the synthetic data
preserves the statistical properties and latent semantic patterns of
the original dataset. To assess this, we compared vector representa-
tions of synthetic and real-world data using Principal Component
Analysis (PCA) applied to paragraph-level embeddings generated
by a Sentence Transformers (SBERT) model. Unlike standard BERT,
which is optimized for token-level tasks, SBERT uses a Siamese
network architecture to produce sentence-level embeddings that
capture semantic similarity more effectively [51]. As shown in Fig-
ure 3, the PCA visualization demonstrated a high degree of overlap
between the distributions, confirming that the synthetic queries suc-
cessfully mirror the underlying semantic structure of the original
data and indicating strong fidelity.

To assess face validity, we conducted a qualitative review with
two domain experts in aging and technology. A random sample of
50 synthetic queries was independently evaluated by each expert.
Reviewers classified each query based on how likely it was to have
been communicated by an older adult, using the following cate-
gories: (1) likely, (2) possibly, or (3) unlikely. Of the 50 queries, 40
were rated as ‘likely,’ indicating strong plausibility (nine were rated
‘unlikely’, one ‘possibly’). Inter-rater reliability was high (Cohen’s
𝜅 = 0.83). These results support the face validity of the STAQ dataset
as a realistic representation of how older adults communicate when
seeking technology support.

8 Discussion
Despite AI’s potential to enhance older adults’ well-being and in-
dependence, it also risks reinforcing digital ageism [43]. This bias
may widen the digital divide not just between generations, but
also within older populations along lines of education, income, and
access [20, 23]. Although device ownership is rising, many older
adults still struggle with tasks beyond basic use [1, 13]. Mainstream
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Table 4: Example queries from the STAQ dataset and their characteristics.

Characteristic Synthetic Query AI-Rephrased Query

Verbosity You know, ever since my granddaughter gave me this
tablet thingie, I’ve been having a hard time trying to
post photos on my Facebook. Every time I try to post a
photo, it just gets stuck or something and then the
tablet just freezes up. I can’t even turn the darn thing
off then. I try pressing the button thing to turn it off,
but nothing happens. It used to be easier with my old
computer. I’ve tried waiting it out and it still doesn’t
work right. Do you think you could help with that?

Why does my tablet freeze and
become unresponsive when I try to
post photos on Facebook, and how
can I fix it?

Over-specification I’ve been trying to connect to that zoom thing, you
know, for the church meeting. But it’s been quite a
headache. I finally got the app on my computer, but
now it’s asking for a password or something. I just
don’t quite understand why or how to get that. Can
you help explain?

How do I join a Zoom meeting and
where do I find the password for the
meeting?

Under-specification I want to send pictures to my grandson but my Gmail
is just not doing it.

How can I successfully send images
through email using Gmail?

Incompleteness Hey, my Facebook is not working like before. How do I
make it normal?

How can I revert to the previous
version or settings of my Facebook
application as it is not behaving as
expected currently?

Figure 3: PCA visualization of sentence embeddings gener-
ated by Sentence Transformers (SBERT) for original (blue)
and synthetic (orange) queries. The overlapping distributions
indicate that the synthetic queries in the STAQ dataset cap-
ture semantic patterns similar to those in the original data.

AI systems, often designed for clear and concise inputs, may exclude
users whose communication styles are different.

This work focuses on technology support, which lies at the
intersection of growing need and increasing automation. While
older adults require help with continuously evolving digital systems

[36], support is increasingly delegated to AI-based agents. These
systems often assume users can engage with advanced tools at the
very moment they experience confusion—risking what might be
called algorithmic ageism [73].

As a result, technology support often falls to family and friends,
who adopt caregiving roles long before physical support is needed
[57]. This “technology caregiving” also presents challenges, espe-
cially when older adults struggle to articulate problems. Queries
that are vague, overly detailed, or use unfamiliar terms can be hard
to interpret. This study deepens our understanding of these barriers
and introduces a age-friendly approach to make support systems
more inclusive.

8.1 Primary Findings
Our study offers empirical insight into how older adults communi-
cate technology problems in unstructured contexts.We documented
how help-seeking queries are often incomplete, vague, or overly
detailed (Table 1), directly conflicting with current AI tools that
assume contextual information is already available [21, 68]. To ad-
dress this, we developed an LLM–based approach that mimics a
human helper: asking contextual questions, paraphrasing the query,
and generating a solution. Using few-shot prompt chaining, we
found that GPT-4o effectively reformulated unstructured queries,
substantially increasing the retrieval of correct solutions compared
to the original queries. Importantly, this LLM-mediated articula-
tion benefited both sides of the support interaction. LLM-rephrased
queries were more easily understood by younger adults, who often
serve as informal technology helpers, improving their comprehen-
sion and confidence. Simultaneously, older adults evaluated the
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LLM-generated solutions as easy to understand and follow. These
findings highlight the potential for LLMs to reduce the communica-
tive burden of help-seeking and support diverse aging populations.

The specific magnitudes we report—the solution-accuracy and
comprehension gains from query rephrasing—are a snapshot of
current models. As language models continue to improve, we antic-
ipate that future models will handle unstructured input better and
may supersede our specific workflow. Our contribution, however, is
not the LLM pipeline per se, but the knowledge of how older adults
articulate technology problems, where the breakdown happens, and
how LLMs can mitigate it. Our experiments further demonstrate
that mitigating these breakdowns improves technology support on
both sides of the interaction—for the older adults receiving it and
the technology helpers providing it.

8.2 Limitations
Our findings should be interpreted in light of several limitations.
First, the older adult participants across our diary study and evalua-
tion experiments comprised a relatively small, self-selected group of
community-dwelling, English-speaking individuals. All possessed
baseline experience with smart devices, meaning our sample lacked
digital novices. Consequently, while their queries reflect common
frustrations, these findings may not generalize to users with min-
imal technology exposure or significant cognitive impairments.
Second, while our formative diary study captured naturalistic help-
seeking, our subsequent evaluation experiments were conducted in
controlled settings; rating static queries and solutions may not fully
reflect the dynamic, conversational complexities of real-world sup-
port interactions. Finally, our approach relied on a state-of-the-art,
proprietary large language model (GPT-4o). This performance may
not be replicable with smaller or open-source models, potentially
limiting scalability in resource-constrained environments. Further-
more, reliance on a proprietary API means that future changes to
model behavior could affect output consistency and reliability.

8.3 Implications for Aging Research and
Practice

This work advances aging research by advancing understanding of
how older adults articulate technology problems—an often-overlooked
aspect of aging with technology. While prior studies have largely
focused on whether older adults adopt certain technologies or why
they may resist them [14], our study shifts attention to what hap-
pens after adoption—when older adults encounter difficulties and
seek help. The communication patterns we identified offer a vocab-
ulary for describing common pitfalls in help-seeking, which can
inform both research and practice.

Digital literacy programs, for instance, could incorporate mod-
ules that teach older adults how to formulate more effective help
requests—such as how to emphasize the core issue and provide
relevant details. However, it may be unrealistic to expect all older
adults to adopt concise, technically precise language, particularly
given age-related cognitive changes and rapidly changing technol-
ogy. This reinforces the need for support systems that adapt to
users, rather than forcing users to adapt to systems.

Our LLM-based approach offers a model for such age-friendly
design. By beginning with real-world diary entries and design-
ing around older adults’ actual communication styles—rather than
defaulting to younger user norms—we treat older adults not as
deficient, but as capable users with distinct interaction patterns.
Our diary study revealed a strong reliance on text, with only a
small fraction of queries including screenshots—and none utilizing
screen or video recording options. This limited use of multimodal
context may stem from the cognitive overhead required to cap-
ture and attach visual information, unfamiliarity or difficulty with
those actions, or underlying privacy concerns. Future iterations
of the pipeline could address this barrier by dynamically generat-
ing instructions during the follow-up phase, proactively guiding
older adults through capturing and sharing screenshots when visual
context is necessary.

AI-powered technology support could also extend the reach of
existing technology education efforts. For example, community cen-
ters or libraries could deploy AI chatbots to provide just-in-time as-
sistance for older patrons—especially those without digitally skilled
family members or immediate access to help. These systems could
foster autonomy, allowing older adults to solve problems on their
own schedules rather than waiting for in-person assistance. While
our evaluation provides a cross-sectional view of help-seeking, lon-
gitudinal deployments are necessary to understand how such a
system impacts problem articulation over time. Observing repeated
interactions with the system could reveal whether the tool exerts
a pedagogical effect, gradually training older adults to indepen-
dently formulate more structured and complete technology support
queries.

Finally, our study emphasizes the diversity within the older adult
population—across cognitive abilities, digital proficiency, and com-
munication styles. Some individuals prefer narrative, detailed ex-
planations; others are brief and to the point. Our LLM pipeline was
able to handle both over- and under-specified queries, suggesting
its potential to support a range of help-seeking behaviors. For aging
services practitioners, this flexibility enables more tailored support.
AI tools could triage requests by prompting more detail from mini-
mal input or distilling key information from verbose descriptions.
In both cases, the experience becomes more personalized.

8.4 Implications for AI Research and Practice
Our findings have broad implications for the future of AI research
and practice, particularly in the development of human-centered
systems that serve diverse populations. In addressing the technol-
ogy support needs of older adults, our study highlights a persistent
disconnect between users’ real-world help-seeking behaviors and
the assumptions built into many current AI systems. Most AI mod-
els are trained on data from younger, digitally fluent populations,
resulting in interaction norms that often misalign with older adults’
communication styles. These biases can lead to systems that mis-
interpret older users’ queries or produce responses that require
digital proficiency many do not possess.

Our study challenges these assumptions by showing that large
language models (LLMs) can be adapted to accommodate older
adults’ natural language through targeted prompt engineering. By
centering the real-world communication patterns of older adults,
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we demonstrate that inclusive design can lead to more accessible
and effective support experiences—not only for older users, but for
everyone. Clarity, context sensitivity, and adaptability are not niche
accommodations; they are universal design principles for equitable
AI.

While this work focuses on characterizing and supporting older
adults’ problem articulation, future research should explore model-
centric applications for STAQ. To our knowledge, it is the first
structured dataset focused specifically on this form of help-seeking
behavior. STAQ can serve as an auditing benchmark to evaluate
whether commercial LLMs exhibit systematic performance drops
on older adult-style queries compared to standard technical sup-
port corpora. Comparing performance on STAQ against standard,
crowd-sourced data (which typically skew younger) can reveal algo-
rithmic disparities and directly inform the refinement of inclusive
models. However, deploying LLM-assisted pipelines in real-world
technology caregiving contexts necessitates a critical evaluation of
privacy and trust. Processing potentially sensitive, personal technol-
ogy queries through cloud-based APIs introduces privacy concerns
for both older adults and their helpers, underscoring the need to
explore secure, localized, or on-device model processing in future
system designs.

This work also surfaces key methodological insights for the AI
research community. First, we demonstrate that synthetic datasets
can successfully capture users’ lived experiences when grounded
in empirical, user-centered data, offering a scalable path toward in-
clusive design. However, as prompt-based data generation becomes
increasingly popular, it inherently risks producing stereotypical
or hallucinated outputs if not anchored to real user needs. We
mitigated this by strictly integrating domain-informed and user-
centered strategies into our generation pipeline. As synthetic gener-
ation expands, researchers must continue to balance computational
scalability with rigorous, human-centered evaluation frameworks
to ensure AI tools reflect true real-world diversity rather than algo-
rithmic assumptions.

9 Conclusion
When seeking support to resolve technology problems, older adults
typically either search for answers online or turn to a trusted per-
son in their social network. In either case, they must articulate the
problem effectively enough to reach a resolution. In this paper, we
identified the communication challenges older adults face when de-
scribing technology problems and examined how these challenges
affect both the quality of support they receive and their ability to
find solutions independently (e.g., via a Google search).

To address these challenges, we developed an LLM pipeline that
reformulates unstructured queries into clearer, more actionable
requests and generates targeted solutions—reducing the cognitive
burden on technology helpers and improving the likelihood of
successful independent resolution through online resources. To
support further research in this space, we introduced STAQ, a syn-
thetic dataset of older adults’ technology problems designed to
enable more realistic evaluation of AI-assisted support systems.

Ultimately, this work emphasizes that older adults are not de-
ficient users, but communicators with distinct interaction styles
that current AI systems often overlook. Embedding these authentic

styles into AI training, evaluation, and deployment processes is
essential for building equitable, age-inclusive technologies.
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A LLM-Generated Paraphrasing and Solutions
In this section, we provide detailed supplementary material for
the prompts and examples used to generate contextual questions,
paraphrased queries, and solutions.

A.1 Prompts used with GPT-4o
Figures 4,5, and 6 show the prompts corresponding to contextual
question generation, query paraphrasing, and solution generation,
respectively.

A.2 Examples of LLM-Generated Paraphrasing
Figures 7 and 8 illustrate cases where the model produced correct
and incorrect paraphrases, respectively.

A.3 Examples of LLM-Generated Solutions
Figures 9 and 10 show correct and incorrect solution outputs.

A.4 Quantitative Evaluation of Model Outputs
To complement our qualitative analyses, we conducted a quanti-
tative evaluation of model-generated paraphrases and solutions
using established natural language processing (NLP) metrics. Our
goal was to assess how closely the LLM-generated content aligned
with expert-written references, especially in the context of older
adults’ help-seeking behaviors. The following measures were used.

BLEU [47] is a precision-based metric originally developed for
evaluating machine translation. It measures how many words or
short sequences of words (n-grams) in the model output match
those in a reference text. Higher scores indicate greater similarity
to the reference. In this study, BLEU was used to assess how well
LLM-generated paraphrases and solutions matched expert-written
versions.

ROUGE-L [38] measures the longest common subsequence be-
tween the model output and a reference text, capturing both preci-
sion and recall. It is often used to evaluate the quality of summaries.
Here, it was used to assess whether model-generated solutions
preserved the key steps and sequence of expert solutions.

BERTScore [77] compares the contextual embeddings of words
in the model output and reference text using a pretrained language
model (BERT). It goes beyond exact word matches to assess seman-
tic similarity. Higher scores suggest closer alignment in meaning,
even if different wording is used.

Cosine similarity measures the angle between two vectors—in
this case, the semantic representations of the model output and
reference text. It ranges from −1 to 1, where 1 indicates identical
semantic orientation. This metric was used to quantify how similar
the model-generated solutions were to the expert-written solutions
at a conceptual level.

ParaScorer [61] is a paraphrase evaluation framework that com-
bines reference-based and reference-free metrics. Reference-based
metrics compare model output to an expert-written paraphrase,
while reference-free metrics assess semantic similarity and fluency
without relying on a reference. This tool helps evaluate how well
LLM systems reformulate user queries for improved clarity and
problem-solving effectiveness.

Paraphrasing quality was evaluated using ParaScorer [61], which
provides both reference-based and reference-freemetrics. Reference-
based metrics assess the degree of similarity between model out-
puts and expert-generated paraphrases, while reference-free met-
rics evaluate semantic similarity and fluency without a prede-
fined reference. GPT-4o outperformed OS-ATLAS on reference-
based evaluation (0.95 vs. 0.85), indicating stronger alignment with
expert rewordings. In contrast, OS-ATLAS performed better on
reference-free evaluation (0.70 vs. 0.60). However, paraphrasing
older adults’ queries often requires adding contextual information
not present in the original message, which increases lexical diver-
gence andmay penalize models in reference-free evaluation. For our
use case—clarifying real-world, underspecified queries—reference-
based alignment was a more relevant indicator of effectiveness.
Accordingly, GPT-4o’s performance suggests greater suitability for
supporting older adults through LLM-powered rewording of tech-
nology queries.

To further assess paraphrasing quality, we compared model out-
puts to expert-generated paraphrases using widely accepted natural
language processing metrics. These included contextual similar-
ity [77], machine translation quality [47], summarization accuracy
[38], and cosine-based semantic similarity. As shown in Table 5,
GPT-4o consistently outperformed OS-ATLAS across all metrics.
We applied these same metrics to evaluate model-generated so-
lutions against expert-written responses (Table 6). GPT-4o again
demonstrated stronger alignment, achieving a BLEU score of 0.62
and a ROUGE-L score of 0.72, compared to OS-ATLAS scores of
0.04 and 0.30, respectively. Because BLEU and ROUGE measure n-
gram overlap and sequence fidelity, they are particularly well suited
for evaluating multi-step technology support instructions—where
both accuracy and clarity of sequence are essential for usability.
This is especially important for older users, who often benefit from
step-by-step, easy-to-follow guidance when resolving technology
issues.

Table 5: Quantitative evaluation of query paraphrasing.

Model BERTScore BLEU ROUGE-L Cosine

GPT-4o .98 .75 .87 .88
OS-ATLAS .92 .09 .40 .36

Table 6: Quantitative evaluation of solutions generated.

Model BERTScore BLEU ROUGE-L Cosine

GPT-4o .94 .62 .72 .79
OS-ATLAS .87 .04 .30 .38

B Study Instruments
Howmuch do you agree or disagree with the following statements?
(5-point scale: 1 = Strongly Disagree, 5 = Strongly Agree)

• I know how to protect others and my own personal data
(e.g., photos, addresses, family information) online.
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Figure 4: The prompt used for generating contextual questions.

• I can verify online information using multiple sources.
• I understand what hardware and software technologies are.
• I can install software on my computer or other electronic
devices.

• I understand the terms “Internet" and “World Wide Web
(WWW)."

• I can effectively use e-government applications, such as on-
line tax filing, driver’s license applications, and voter regis-
tration.

• I can use cloud computing technologies (Google Drive, iCloud,
Dropbox, etc.) effectively in daily life.

• I can use the calendar on mobile devices not only just to look
at dates but also to check dates, set reminders, and create
events.

• I can upload and broadcast videos online.
• I can use digital technologies effectively in daily practice
such as reservation, shopping, address finding, etc.

• I can add a web page that I use to bookmarks or favorites.
• I know how to restrict apps’ access to my personal informa-
tion (location, contacts, camera, etc.)

• I can recognize and block unwanted / spam emails and phish-
ing messages.

• I can change the privacy/security settings onmy social media
posts and profile.

• I know how to create a strong and secure password.
• I can effectively use at least one software program related to
my field (e.g., Photoshop, SPSS, Premiere, Microsoft Word).

The final digital literacy score was computed using the mean of all
ratings [7] (Bayrakci et al., 2021).

C STAQ
C.1 Prompt used with GPT-4o
Figure 11 shows the prompt used to generate synthetic data with
few-shot examples.
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Figure 5: The prompt used for paraphrasing a technology query.
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Figure 6: The prompt used for generating a technology solution.

Figure 7: Example of a correct paraphrasing.
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Figure 8: Example of an incorrect paraphrasing.

Figure 9: Example of a correct technology solution.
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Figure 10: Example of an incorrect technology solution.
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Figure 11: Prompt used to generate synthetic data.
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