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Figure 1: Contrasting Human and Synthetic Users in HCI Research: While synthetic users attempt to replicate human behaviors
and attitudes, there are fundamental methodological questions about their validity in user research.

Abstract
While many user researchers remain skeptical of synthetic users
generated by large language models (LLMs), their adoption is grow-
ing in industry. This conceptual article investigates the root causes
driving synthetic user adoption, maps potential use cases, and
identifies key risks. Our inquiry reveals that while synthetic users
emerge from legitimate pressures in user research, they present
fundamental methodological and epistemological challenges. Their
normative biases and inability to generate novel insights make them
particularly problematic for user research activities like usability
testing and user interviews. However, the emergence of synthetic
users underlines challenges in user research, including resource
constraints, privacy concerns, and difficulties in demonstrating
the return on investment. Rather than simply dismissing synthetic
users, we argue that understanding them as a symptom of these
underlying challenges can inform efforts to strengthen the HCI
research methodology.
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1 Introduction
User research in human-computer interaction (HCI) traditionally
relies on direct engagement with human participants [16]. This
paradigm is currently being challenged by synthetic users that are
artificial entities generated by large language models (LLMs) that
aim to emulate human behavior and interactions in a realistic man-
ner (see Figure 1). Companies are increasingly adopting synthetic
users to supplement or even replace human participants in their
user or market research. A 2025 report found that 69% of market re-
searchers have already used synthetic data in their research efforts1,
and 70% of market researchers believe that synthetic responses will

1https://backlinko.com/market-research-statistics
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Figure 2: The homepage of Synthetic Users
(https://www.syntheticusers.com/), a company offer-
ing synthetic user services.

constitute more than half of all data collection about consumers
within the next three years2.

Synthetic users are marketed as alternatives to traditional user
research participants, promising reduced costs and increased effi-
ciency [12]. Some synthetic user services promote their solutions
even as “user research without the user” (see Figure 2), which seems
a paradoxical claim. Alerted by this idea of removing the user from
user research, many HCI researchers have expressed skepticism to-
ward synthetic users, questioning their validity [2, 17, 25], as well as
arguing that the idea of synthetic users goes against the principles
of user research and user-centered design (UCD), which predom-
inantly postulate that insights about users should be tractable to
real user data, not simulation [9].

From an intellectual standpoint, the current discussion on syn-
thetic users tends to gravitate toward two extremes: outright dis-
missal or uncritical acceptance. Neither of these polarized stances
advances a balanced understanding of this emerging phenomenon.
Thus, there is a gap in analyzing why synthetic users exist and what
their emergence reveals about the current state of HCI research
methods. Against this backdrop, we investigate three research ques-
tions (RQs):

• RQ1:What are possible root causes driving the emergence of
synthetic users in HCI?

• RQ2:What are possible use cases for synthetic users in HCI?
• RQ3: What are known limitations and key issues in synthetic
users?

The aim of our conceptual analysis is to understand the reasons
driving synthetic user use and their implications for user research.
This effort is particularly important given the rapid adoption of
synthetic users in commercial user research, which needs to be
informed about the limitations of this technology.

2 Conceptual Underpinnings
Market research and UX design have traditionally used “target
groups”, “personas”, and “segments” as proxy users or “surrogates”.
These are fictional profiles that represent real user groups and help
understand user needs and behavior [8, 10, 14]. In the context of
HCI, continuing this trend, synthetic users represent artificial entities

2https://www.customerexperiencedive.com/news/synthetic-data-consumer-
research-customer-journey-qualtrics/732408/

designed to replicate human user behavior and interactions in research
and testing contexts.

Conceptually, synthetic users are similar to these segmented
entities in the sense that they act as representatives of real users;
for example, personas, especially data-driven personas [19], are
typically based on a rigorous analysis of primary user data, in which
said data is segmented and then written up as persona profiles [22].

Synthetic user services typically operate through (1) a propri-
etary synthetic segmentation engine that processes and synthesizes
available data, (2) prompt design mechanisms that shape the syn-
thetic user’s responses, and (3) a user interface (UI) that provides
human-like interactions to designers and other decision-makers
using the synthetic users [28, 30]. When no real user data is pro-
vided, synthetic user services may require a user definition to get
started. For example, when given a user description of “a low-
income, immigrant parent in Oakland who does not speak English”
[26], the system generates simulated responses and produces artifi-
cial interview transcripts and research notes. While this workflow
superficially resembles traditional user research processes, it oper-
ates without involving any real participants. The LLM generates
plausible-seeming but entirely synthetic responses that align, as per
the LLM’s pattern-seeking, with the specified user attributes. This
facsimile of authentic user research fundamentally differs from tra-
ditional user research in which insights emerge from actual human
interactions and experiences, often dealing with targeted rather
than generic user groups [27].

3 Possible Root Causes Driving the Adoption of
Synthetic Users in HCI

The adoption of synthetic users is primarily driven by pull and push
factors. Pull factors relate to the convenience of using synthetic
user services to get “realistic-sounding” user feedback, while the
push factors relate to persistent practical challenges in the user
research profession.

Concerning the push factors, according to an industry report
[18], more than half (64%) of UX teams face time constraints, nearly
half (46%) face budget constraints, and nearly a third (31%) find
it difficult to recruit participants. The appeal of synthetic users is
further augmented by growing privacy concerns and regulatory
frameworks that make traditional data collection more cumbersome
[23]. User researchers must invest significant time and resources to
understand and comply with privacy regulations [11]. This includes
creating compliant consent forms, establishing data governance
policies, and collaborating with legal teams3. Additionally, the use
of synthetic users does not require institutional review board (IRB)
approval, which can be an onerous process. All of these efforts
can be circumvented when using synthetic users based on generic
patterns about people.

Concerning the pull factors, the tension between convenience
and research validity emerges as a central theme in the application
of synthetic users [3, 12]. While user research’s purpose is to gain
deep insights into users’ circumstances, synthetic users are often
promoted for their convenience in repetitive tasks and scenarios.
This is compatible with the principle of least effort that postulates

3https://www.rallyuxr.com/post/is-your-user-research-ethical-best-practices-for-
privacy-and-consent

414

https://www.customerexperiencedive.com/news/synthetic-data-consumer-research-customer-journey-qualtrics/732408/
https://www.customerexperiencedive.com/news/synthetic-data-consumer-research-customer-journey-qualtrics/732408/
https://www.rallyuxr.com/post/is-your-user-research-ethical-best-practices-for-privacy-and-consent
https://www.rallyuxr.com/post/is-your-user-research-ethical-best-practices-for-privacy-and-consent


The Use of Large Language Models in HCI: A Critical Analysis of Synthetic Users AHs 2025, March 16–20, 2025, Masdar City, Abu Dhabi, United Arab Emirates

that people adopt easier-to-use tools over time, even when those
tools would yield suboptimal outcomes [5, 17, 23]. Moreover, artifi-
cial narratives posed by synthetic users might produce outcomes
comparable to a random real user’s perspective [21], especially
given the fluency, realism, and coherence of LLM-generated texts
that aim to recreate perspectives and experiences of real people
[7]. Harshly put, LLMs can provide “great quotes” for PowerPoint
presentations that sound plausible. For some teams and individu-
als, especially under time and financial resource constraints, these
synthetic user perspectives might appear “close enough” to “get
the job done”. Also, the general difficulty of assessing user research
outcomes–particularly in determining “return on investment” (ROI)
or establishing clear cause-effect relationships between research
results and design choices–adds to the appeal of synthetic users
because if the value of user research is “anyway unmeasurable”,
what harm can using synthetic users do?

4 Potential Use Cases for Synthetic Users in HCI
We consider here four use cases (UCs) that give the reader an
exploratory idea of synthetic user applications, while illustrating
that applying synthetic users is not a “black and white” matter.

UC01: Early ideation and hypothesis generation. Synthetic
users can generate diverse perspectives for initial exploration and
refinement through a more rigorous collection of user data. Cre-
ativity has been noted as a key application area for human-AI
collaboration [20], and because creativity deals, in major part, with
imagining “what could be”, the imaginary (hallucinative) properties
of LLMs pose less of a problem. In other words, the argument is:
users could think about this matter in these ways.

UC02: Competitive analysis andmarket research. For exam-
ple, when LLMs would carry out “deep research” [33] on customers’
sentiments, e.g., based on publicly available product reviews, they
could take the role of different customer types to represent their
perspectives. In other words, using publicly available information
about people, synthetic users extrapolate what people would gen-
erally think about a topic.

UC03: Usability testing. If designers have a well-defined un-
derstanding of a user group (e.g., general accessibility requirements
among visually impaired users), these requirements could be in-
cluded to guide the LLM to take the role of the “real” user. Another
idea is to use synthetic users to pilot test user research plans and
instruments in silico to identify potential risks prior to launching
the study. In the process, synthetic users could help practitioners
learn research techniques or practice interview skills.

UC04: Replacing traditional user research with synthetic
alternatives. This use case is the least recommended one, but we
mention it because several synthetic user services actually promote
it as an option. It appears to fundamentally misunderstand the pur-
pose of user research, namely to investigate real human experiences
that cannot be synthesized from existing patterns and that often
yield unexpected findings.

5 Known Limitations and Key Issues
Next, we will briefly investigate the challenges of synthetic users
from a conceptual perspective, discussing four key issues (KIs).

KI01: Validation. Validation is a key concern. The validation
of synthetic user systems remains largely proprietary, with compa-
nies claiming periodic comparison with live user testing sessions to
ensure reliability. However, the specific methodologies are rarely
disclosed. Current synthetic user systems operate as proprietary
black boxes, making independent verification impossible. As Chap-
man postulates [6], it is likely that LLMs do not do a decent job of
simulating specific groups of people in specific contexts—contrary
to the purpose of user research in the first place.

KI02: Circularity. Because LLMs are pattern synthesis engines
[4], they fundamentally cannot produce insights beyond the pat-
terns present in their training data. In user research, this means
that the outputs often reflect stereotypical and generic user charac-
terizations [3] rather than specific, real-world experiences. In other
words, the extant internet knowledge that the LLMs are based on
eliminates the chance of serendipity, which is especially problem-
atic when testing novel products for which there is no available
“internet knowledge” (though the LLM might have content on the
product category). Essentially, synthetic users reflect known pat-
terns, making them unsuitable for discovering new usability issues
or unexpected user needs.

KI03: Convincing Mimicry. The textual and narrative quality
of synthetic users tends to be outstanding, such that their outputs
appear convincing [24]. This increases the temptation to use them in
real scenarios because they seem to make sense; they seem realistic,
complete, and logical. Yet all this can be attributed to the LLM’s
general tendency of being “good with words”. The “convincing
mimicry” problem implies that designers may be more likely to
trust synthetic user output precisely because it appears fluent and
well-articulated, even when the content lacks validity. This creates a
dangerous disparity between perceived and actual reliability. From
brainstorming and the “hypothetical”, there is a dangerously close
leap to holding fiction as truth, as it becomes ingrained into decision
makers’ cognitive processes—what started as a “harmless exercise”
could then transform into a truism that misleads the design process.

KI04: Normative Bias. The normative bias presents itself in
synthetic user responses, with generated personas often default-
ing to progressive, normative values stemming from the imposed
guardrails, and describing users in an overwhelmingly positive
light [28]. This reflects broader biases in the LLM training data
rather than representative user perspectives. LLMs’ tendency to-
ward normative responses and positivity bias [28] risks reinforcing
existing assumptions and dominant belief and value systems rather
than challenging them, even when users would disagree with their
content. Designers can easily confuse synthetic user responses with
validated user needs.

6 Discussion
Addressing RQ1 , we postulate that synthetic users emerge from
a convergence of practical and systemic pressures. Privacy regu-
lations, while designed to protect real users, inadvertently create
incentives that support artificial instead of real interactions. Also,
the challenge of demonstrating clear value from user research can
make synthetic alternatives more appealing because the fluency of
LLMs can create compelling and persuasive narratives that appear
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Table 1: Summary of synthetic users for HCI research: use cases and key issues.

Use Cases Key Issues
UC01 Early ideation and hypothesis generation: Synthetic users

can potentially generate diverse perspectives for initial
exploration in design projects.

KI01 Validation: Validation methodologies remain proprietary
black boxes, making independent verification impossible
for synthetic user systems.

UC02 Competitive analysis and market research: Synthetic users
can access public information and “repackage” it from
first-person perspective.

KI02 Circularity: LLMs as pattern synthesis engines cannot
produce insights beyond their training data, resulting in
stereotypical rather than specific user characterizations.

UC03 Usability testing: Can represent well-known patterns of
user behaviors and pain points, e.g., those pertaining to
accessibility.

KI03 Convincing Mimicry: The high textual quality of syn-
thetic user outputs creates a dangerous disparity be-
tween perceived and actual reliability of the generated
insights.

UC04 Replacing traditional user research: Misunderstands the
fundamental purpose of user research to investigate real
human experiences that contain unexpected elements
(serendipity).

KI04 Normative Bias: Generated personas often default to pro-
gressive, normative values and overwhelmingly posi-
tive descriptions, reflecting biases in LLM training data
and/or guardrails imposed by the AI companies.

more logical than “messy” and complex real user data. The diffi-
culty in measuring user research outcomes contributes to this trend.
If an organization struggles to establish clear links between user
research findings and made decisions, the perceived cost-benefit
ratio of traditional research methods becomes questionable. In this
context, any user narrative can serve as design inspiration, and an
artificial narrative might appear as valid as a randomly selected real
user perspective. Finally, the principle of least effort [34] suggests
organizations and people will gravitate toward easier solutions
that produce reasonable outcomes at face value, even when these
solutions are not optimal.

Addressing RQs 2 and 3, the identified use cases and risks rely on
how the synthetic users are implemented (“devil is in the details”).
Technical implementations of synthetic user services vary. On one
end of the spectrum, the synthetic users are based on publicly avail-
able “internet knowledge”, are used without primary user data, and
are subject to any number of biases and stereotypes. On the other
end of the spectrum, synthetic user services can provide a func-
tionality to upload primary user data and then leverage retrieval
augmented generation (RAG) or other techniques to ensure that
the synthetic users correspond with the uploaded user data [15].

Proponents often suggest using synthetic users “in combination
with” real user research [1]. Even though this appears to offer a
reasonable compromise, it introduces specific risks. The weakest
link principle [29] suggests that flawed information from synthetic
users could compromise overall research quality, as designers and
researchers cannot fully control the insights that influence their
decisions. This is because of the intractability problem in UX design—
we cannot control which information designers precisely remember
and use [32]. Another risk is that the people involved in the use
of synthetic users “forget” over time that these users are fictitious;
this is akin to the mere exposure or anchoring biases, in that people
may be consciously aware of the fact that the synthetic user is
presenting “made-up information” but this made-up information
nonetheless affects their thinking process, tacitly nudging some
decisions to directions that are aligned with said information. There
are also risks of practitioners developing unrealistic expectations
about the capabilities of synthetic user services, which would be

consistent with “magical properties” associated with algorithms
and artificial intelligence [13, 31]. So, it is not at all “risk free” to
deploy synthetic users, even with informative “warning labels”.

We offer the following, tentative guidelines for the practical
implementation of synthetic users in user research:

Guidelines about synthetic users
DO (POSSIBLY) USE:

• For existing, well-known products with
• existing, well-known requirements
• to pilot test user research plans and possible responses
coming from

• a relatively homogeneous user population.
DO NOT USE:

• For fringe or marginalized populations with
• novel products or services that have
• unpredictable requirements or use cases to
• replace authentic user research with actual human
subjects.

7 Conclusion
Generative AI can produce realistic user descriptions without using
primary user data quickly and cost-effectively, but when these are
not based on real user data, they can be misleading. The adoption of
synthetic user services is driven by both pull and push factors: real
user research is hard, and using synthetic users is easy. Synthetic
users are gaining traction, particularly when research timelines are
compressed and access to representative users is limited. Despite
many HCI researchers dismissing synthetic users, their growing
adoption suggests that synthetic users tackle perceived issues in
current user research practices. So, rather than dismissing synthetic
users entirely, the HCI community should seek to understand what
their emergence reveals about shortcomings in user research prac-
tices. The HCI community may also need to pay more attention to
demonstrating the value of conventional user research.
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