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Abstract

We investigated the presence and acceptance of hallucinations (i.e.,
accidental misinformation) of an Al-generated persona system that
leverages large language models for persona creation from survey
data in a 54-user within-subjects experiment. After interacting with
the personas, users were given a task to ask the personas a series
of questions, including an unanswerable question, meaning the
personas lacked the data to answer the question. The Al-generated
persona system provided a plausible but incorrect answer half (52%)
of the time, and more than half of the time (57%), the users accepted
the incorrect answer, and the rest of the time, users answered the
unanswerable question correctly (no answer). We found that when
the Al-generated persona hallucinated, the user was significantly
more likely to answer the unanswerable question incorrectly. Also,
for genders separately, when the Al-generated persona halluci-
nated, it was significantly more likely for the female user and the
male users to answer the unanswerable question incorrectly. We
identified four themes in the Al-generated persona’s answers and
found that users perceive Al-generated persona’s answers as long
and unclear for the unanswerable question. Findings imply that per-
sonas leveraging LLMs require guardrails to ensure that personas
clearly state the possibility of data restrictions and hallucinations
when asked unanswerable questions.
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1 Introduction

As more users (e.g., designers, marketers, medical professionals,
and so on [6, 37, 57, 73]) use Al-generated personas, it is crucial to
know how these users can identify fact from fiction. By focusing
on how users interact with Al-generated personas, especially when
things go wrong, we aim to learn about how humans and Al inter-
act and how to make Al systems more reliable for users. Personas,
a traditional technique in human-computer interaction (HCI) and
user-centered design (UCD) [57, 59, 74], is currently evolving to
make use of Al technologies [1, 19]. With the introduction of Al-
generated personas [1], users may encounter hallucinations, i.e.,
instances where the Al system generates factually incorrect, irrele-
vant, or nonsensical responses [55]. Hallucination is particularly
associated with generative Al (i.e., Al that generates outputs like
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text, images, and video [2]) and large language models (LLMs) that
are a form of generative Al that produce text.

This research investigates the interaction between Al-generated
persona users (‘users’ henceforth) and Al-generated personas. An
Al-generated persona is a virtual character created by AI (artificial
intelligence) technologies, such as LLMs that mimic the behavior
and traits of real user groups [76], designed to communicate like
humans [1] while representing the views of a given group of peo-
ple [17, 30] (called ‘end-users’ henceforth). With the progress in
Al technologies, new risks in such personas emerge. These Al-
generated personas can misrepresent end-user information during
a conversation with the user-a phenomenon called “hallucination”
[55]. When hallucinating, the persona inadvertently gives false
or biased information. Thus far, studies have not investigated
hallucination in AI-generated personas, especially related
to user reactions to and acceptance of (perceived or actual)
hallucinations.

Addressing this topical gap in HCI research, our study investi-
gates how Al-generated persona users deal with a situation where
an Al-generated persona gives them incorrect information. Our re-
search seeks to address these gaps by exploring research questions
(RQs) that, as far as we know, have not been sufficiently examined
in prior HCI literature, specifically concerning human-AI persona
interaction (HAIPI). Therefore, we put forth RQ1: How does an
Al-generated persona answer when asked unanswerable questions?

RQ1 focuses on Al-generated text content by categorizing the
types of responses provided by a fully functional Al-generated
persona system, Survey2Persona (S2P), which was chosen as the
system for the study for its ability to generate personas from large
datasets and use Al technology in persona creation. We classify
the responses given by S2P based on their accuracy, relevance, and
hallucinations. This analysis provides a measure of the reliability
of Al-generated personas, which can guide in the application of Al
algorithms to personas. Also, RQ1 informs users, developers, and
researchers about the current Al capabilities and limitations in the
persona context. Similarly, there is a need to understand the types
of responses that Al-generated personas give to user queries. There-
fore, we put forth RQ2: How do users perceive hallucinated answers
to unanswerable questions when using an Al-generated persona?

RQ2 addresses the fundamental issue of perception in Al-driven
interactions in HCI when using personas to understand groups of
people (being central in human-centered Al research as well [77]).
Investigating how Al-generated personas produce hallucinations
and how users identify, react to, and manage these hallucinations
can create knowledge on strategies users employ to mitigate the im-
pact of Al-generated persona-generated misinformation. This can
inform the design and development of more reliable, user-friendly
persona systems as a responsible application of Al in HCI [46].
Information on users’ coping mechanisms can help Al-generated
personas incorporate features that support the “correct” ways of
using Al-generated personas while mitigating potential harms in-
volved in the data and LLM shortcomings in the persona-creation
process [71].

We address these RQs through an experimental on-site user
study (n = 54) where we purposefully inject an “unanswerable”
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question as a part of the user task, thereby verifying if the AI-
generated persona is likely to hallucinate when given a chance to
do so.

As the participants are not familiar with the data to a level where
they could ascertain that the question is unanswerable, the setting
poses a classical principal-agent problem [24] where the user (i.e.,
the principal) needs to trust the Al-generated persona (i.e., the
agent) to give correct answers. As the agent is more knowledgeable
about the data, this setting involves a crucial degree of information
asymmetry [10], which might result in the user making wrong
decisions based on the information provided. The principal-agent
problem is associated with modern society’s information overload
on users [9, 25, 26, 64]. The usability of LLMs is largely depen-
dent on whether the user of the LLM trusts the information the LLM
generates [15, 85]. Prior studies have found the principal-agent
problem and information overload to be obstacles to the use of
LLMs [15, 85]. Our study sheds light on these matters in the con-
text of Al-generated personas.

2 Related Work

2.1 Progress in AI-Generated Personas

The emerging field of Al-generated personas [35] is driven by ad-
vancements in generative Al and LLMs. While there were ‘automat-
ically generated personas’ previously [3, 4, 42], the interpretation
of data in these personas was not delegated to an Al or an algo-
rithm, but before LLMs, it was categorically handled by human
persona developers. This narrowed down the scope and bound-
ary of data-driven personas because to make the personas fully
rounded descriptions of end-users, considerable manual efforts by
researchers was needed [69]. With the introduction of LLMs, hu-
man intervention can be mitigated or even eliminated. The field
is rapidly gaining examples of how LLMs can contribute to per-
sona generation. In one such line of work, LLMs analyze end-user
data to develop personas, leveraging an LLM’s creative (or pseudo-
creative, ‘creative seeming’) and interpretative abilities —abilities
that were not available in the previous generation of automated
persona generation [69] that typically applied Al technologies in
the segmentation part of the persona-creation process [12, 22, 83],
not in the write-up. This new Al-generated persona approach is
exemplified by De Paoli [19] in a study where ChatGPT carried
out thematic analyses of semi-structured interviews, generating
personas with end-user goals, backgrounds, needs, and challenges.
De Paoli’s study emphasizes LLMs’ ability to produce plausible,
empirically grounded persona descriptions (also called “narratives”
[13]) that can contribute to UCD just as “old-fashioned” personas
would [17]. However, in their study on human-AI workflows for
persona generation, Shin et al. [76] suggest that LLMs are not well
suited for capturing characteristics of user data by themselves but
rather need human assistance. This suggests that LLMs’ analytical
capabilities require further scrutiny. There is also ‘foundational
model persona generation, where LLMs, without retraining or fine-
tuning, generate personas that are based on the LLM’s knowledge
of different end-user types [29]. Here, the prompt given to the LLM
contains the context for persona generation and the LLM uses its
extant knowledge of the context.
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Table 1: SWOT matrix assessing the impact of Al-generated personas.

Strengths Comprehensive Data Utilization
[7, 27, 28]: Al-generated personas benefit

from the vast data sets processed by LLMs.

Automation and Efficiency [72]: The
integration of LLMs with APIs (application
programming interfaces) and user datasets
automates persona generation.

Enhanced Interactivity [16, 87]: Al can
create dynamic, interactive personas that
respond and adapt based on user
interactions.

Improved Anthropomorphism [21]:
Personas can mimic human-like cognition
and narrative realism.

Enhanced UCD [17]: Al-generated
personas can provide deeper insights into
user behavior and needs.

Scientific Rigor and Reproducibility [70]:
Al can support reproducible persona science
by enabling the sharing of datasets, prompts,
and code for community validation.
Dynamic and Personalized Experiences
[58]: The ability to create personas that
adapt in real-time can lead to more
personalized and engaging user interactions.
Mitigation of Superficiality [69, 71]: AI's
ability to integrate qualitative data can
address the depth issue, creating
comprehensive personas.

Opportunities

Risk of Stereotyping [1, 19, 84]: Al-generated
personas can perpetuate or even exacerbate
stereotypes, requiring validation to ensure accuracy
and applicability.

Factuality Concerns [38]: There is a significant risk
of misinformation, where personas might present
biased or incorrect information.

Superficiality in Data Representation [40]: While
Al can process large datasets, there is a challenge in
balancing breadth and depth, as personas might
appear shallow or lacking in qualitative information.
Complexity [7, 27, 28]: Al-generated personas might
be difficult for non-technical users to understand,
reducing persona usability.

Hallucination Risks [23, 36]: Al models are prone
to hallucinations, potentially generating incorrect or
misleading personas.

Bias Concerns [19, 84]: The potential for Al to generate

biased personas poses a risk to persona usability,
responsible design, and user engagement.

Trust Issues [14, 23, 36]: If users perceive
Al-generated personas as unreliable or biased, it could
undermine trust and reduce the effectiveness of
personas in design processes.

Weaknesses

Threats

So, overall, the LLM technology helps accomplish tasks
related to persona creation and can be used partly to handle
one or multiple persona-creation tasks (e.g., data analysis,
persona narrative formulation) or completely to take over
the entire persona-creation process. The HCI research commu-
nity is in the process of delineating the boundaries of this technol-
ogy, including its strengths, weaknesses, opportunities, and threats
(SWOT).

Current research on Al-generated personas, written in Sections
2.1 and 2.2, is summarized in the SWOT matrix in Table 1. Ulti-
mately, realizing the risks and opportunities depends on how Al
is used in the persona-creation process. For example, dubbed as
“vanilla personas” by Gothelf [29], purely Al-generated personas
benefit from the LLMs’ inherent understanding obtained from truly
large sets of data including millions of text samples from social me-
dia and beyond [2]. Perhaps the most potential application of Al in
personas is integrating LLMs with web-based user interfaces, appli-
cation programming interfaces (APIs), and real end-user datasets
for completely automating persona generation [72], which adds
another layer of dynamism compared to static persona profiles that
have been the traditional medium of personas [58]. The broader
application of LLMs in persona creation promises to enhance the
anthropomorphism of information systems [21], supporting UCD
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ideals [39] in which personas are no longer static profiles but dy-
namic entities capable of engaging users in discussions. Nolfi [61]
postulates that the cognitive abilities developed by LLMs can sur-
pass their original training objectives, implying a potential for LLMs
to generate personas with complex-seeming abilities that mimic
human cognition. It is noteworthy that this mimicry can increase
the persona’s realism and credibility, even when the personas’ per-
spectives would not represent any real, existing end-user groups
[18].

2.2 Misinformation and Risks in AI-Generated
Personas

When interacting with Al, misinformation can significantly de-
grade trustworthiness and decision-making processes [14] even of
trusted, legitimate sources. Studies have shown that misinforma-
tion, whether intentional or unintentional, can alter users’ trust in
Al systems, often leading to erroneous decisions [8]. For example,
when users are exposed to false or misleading information, users’
ability to assess the credibility of AI outputs is compromised, af-
fecting users’ trust in the Al technology [23, 36]. This can result
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in a reliance on inaccurate Al recommendations or skepticism to-
wards reliable outputs by the Al, which ultimately distorts users’
decision-making processes [56].

Misinformation in AI systems poses risks across various do-
mains, influencing public perception, decision-making, and societal
trust towards Al [43, 45]. Generative Al technologies have been
exploited in cybercrimes, including phishing scams and the creation
of deepfake videos for disinformation and fraud [33, 80], making
the capabilities of Al-generated misinformation familiar to some
users. The accessibility of Al technology can enable malicious ac-
tors to generate convincing yet false information, exacerbating the
spread of misinformation [86]. For instance, Al-generated content
can deceive scientific communities, leading to the dissemination
of fabricated research findings [48]. This erodes the integrity of
scientific discourse and can misguide policies based on falsified
data [50].

Moreover, Al’s role in amplifying misinformation is evident in
the context of social media and news dissemination [88]. Al algo-
rithms may inadvertently promote sensationalist or false content,
creating more room to reinforce misinformation [53]. This phe-
nomenon has been found to contribute to societal polarization and
challenges in achieving consensus on critical issues [20]. Ongo-
ing research aims to enhance Al systems’ ability to discern and
flag false information, thereby reducing the inadvertent spread of
misinformation [86]. However, the rapid advancement of Al tech-
nologies continues to outpace the development of comprehensive
safeguards for misinformation, leading to urgency for continued
vigilance and ethical considerations in Al deployment.

Additionally, the presentation and framing of Al-generated in-
formation are central for how users perceive trustworthiness, em-
phasizing the need for transparent and accurate communication
strategies to reduce the impact of misinformation on users [49]. Us-
ing large datasets for Al-persona generation involves an increased
risk of stereotyping, thus requiring subsequent validation to ensure
Al-personas’ applicability in real-world applications [2]. This need
for validation or “persona triangulation”, as Jansen et al. [38] de-
scribe it, is instrumental for ensuring the factuality of Al-generated
personas before their deployment in design projects. Indeed, con-
cerns over factuality and potential misinformation, which could be
in the form of biased or stereotypical end-user representation or
simply presenting facts or information that is bogus, form a major
risk in Al-generated personas [1, 19, 84].

From the opportunities side, Al-generated personas have a major
possibility to contribute to reproducible persona science [70], be-
cause resources like prompts, datasets, and code can be shared with
the community for analysis and further development. These efforts
would help advance replicability and scientific rigor in persona
research. Also, because Al-generated personas may be interlinked
with larger underlying datasets than static personas [40], they can
offer more versatile information about end-users, thus adding more
value in a design process in which user requirements are changing
based on decisions at hand. Al-generated personas represent a
feasible solution to the superficiality problem of data-driven per-
sonas [69, 71], i.e., that quantitative personas are often based on
large datasets but appear shallow because the information is mostly
numbers [65]. Fluency of Al-generated personas may afford all
users, regardless of their background, to easily comprehend and
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use the persona information, leading to better use of the personas
and effective design decisions [7, 27, 28]. Another possibility is
simulating end-user behavior through personas, in which LLMs
are tailored to mimic specific personalities or end-user roles as
dynamic dialogue systems [16, 87]. This improves the interactivity
of personas by providing personalized responses to user queries
based on the persona’s characteristics. To this end, Yang et al. [81]
proposes enhancing LLMs with knowledge graphs to improve fac-
tual reasoning abilities. Fully rounded AI persona systems could
enable personas that are accessible and data-driven, addressing the
breadth-depth trade-off in algorithmically created personas [67].

Overall, the current direction of Al integration in persona gen-
eration implies a shift toward more interactive and scientifically
rigorous practices. Al technologies can potentially enhance
HAIPI and UCD and thus contribute to HCI research and
practice-but only if AD’s risks like hallucination are man-
aged properly, both by (a) persona developers during the
persona-creation process and by (b) persona users being able
to cope with information uncertainty. This is what our study
investigates. The next section clarifies the methods.

3 Methodology

3.1 Generating Al-based Personas with the
Survey2Persona System

The S2P system [41] was used to generate the personas for the
study. The S2P system enables the interaction between users and
personas generated from aggregated survey data. Using clustering,
LLMs, and Retrieval-Augmented Generation (RAG), S2P enables
the creation of personas from survey data and realistic conversa-
tions with personas that represent the collective characteristics and
viewpoints of each persona. Basically, S2P can refine thousands
of survey answers into usable personas [68]. S2P is based on
six design principles (DP) for Al-generated personas, which
combine common persona development principles applied
in literature and the automation opportunities afforded by
Al The DPs are as follows (see also Figure 1).

DPO01: Data aggregation and clustering. Survey responses,
including demographics, opinions, and behaviors, are grouped us-
ing a clustering algorithm, which is typical in the segmentation
stage of data-driven persona development [12, 65]. Clustering iden-
tifies patterns within the dataset, grouping similar respondents by
their traits, eventually representing specific personas so that cluster
members are relatively similar to one another by their traits (which
in the current study represent their survey answering behaviors,
i.e, attitudes) and relatively dissimilar to members in other clusters.

DP02: Persona profile enrichment. After clustering, each
persona is associated with specific attributes, including but not
limited to names, demographic details, and thematic descriptions,
to make the personas livelier and more memorable [52, 60]. This
‘enrichment’ stage is applied to provide detailed information into
the barebone segments or skeletal personas [63].

DP03: Conversational engagement via LLMs and RAG.
This principle employs LLMs refined by RAG techniques (see an
overview of how RAG works in [47]). RAG optimizes LLM output by
querying an external knowledge base—here, the survey data—thus
ensuring that the generated responses are contextually appropriate
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logical progression of
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Figure 1: The six design principles (DPs) used to generate Al-based personas in S2P.

and grounded in the data. This keeps the dialogue between the user
and the persona aligned with the responses of individuals clustered
under the given persona.

DP04: Operational workflow. First, the user initiates the
interaction by sending a message to the system. Second, the system
dynamically identifies relevant survey items based on the user’s
input, augmenting these items with corresponding statistics (i.e.,
response percentages) to inform the conversation. Third, leveraging
the enriched persona profiles and the relevant, augmented survey
data, the system, via LLM and RAG, outputs responses that reflect
the persona’s perspectives. This process addresses going beyond
the scope of the data, thereby avoiding the “out of sample” issue
that is known to cause issues in Al systems [5].

DPO05: System and user interaction dynamics. Designing
system prompts is critical, as prompts serve to navigate the con-
versation, ensuring adherence to the persona’s character and the
survey data. We constructed these prompts to incorporate the per-
sona’s background and relevant survey insights, using this infor-
mation to guide the LLM in generating persona-specific responses.
As such, there is no “data spillover” between the personas, which
would constitute a well-known problem in the Al community [34].

DP06: Context management. An integral aspect of the S2P
methodology is its emphasis on context relevance. The system
manages the inclusion of survey data and past interactions within
the conversation’s context to maintain a logical dialogue. This is
achieved by limiting the quantity of survey data incorporated into
each conversational turn, thus optimizing the balance between
informational richness and conversational clarity. With this, we
aim to maintain relevance to each conversational move by the user
[79].

Overall, the S2P system exemplifies a notable advancement in
using Al and LLMs for enhancing data-driven persona development,
an area with more than fifteen years of research tradition [54, 66].
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3.2 User Study on AI-Generated Personas

3.2.1 Study Design. The S2P system (Figure 2) was used to create
two Al-generated personas, Linda and Mark, by leveraging a survey
dataset from Pew Research that gauges people’s Al-related attitudes
from approximately 10,000 respondents from the United States !.
Generating two personas from the dataset was our design choice.
Differences between Linda and Mark were solely on content, mean-
ing that the structure of Linda and Mark were the same but, of
course, the persona’s content was different, such as demographics,
interests, and attitudes.

In the within-subject experiment, participants interacted with
two different types of interactive personas: the first being a scrol-
lable, searchable, and clickable persona profile, and the second, an
Al-generated persona engineered for conversational engagement
(chat). The latter persona enables directly asking questions from
the persona; the first persona did not allow the participants to ask
anything directly from the persona. We leave the comparative
analysis of these persona modalities for other work, and here, we
focus on the users’ interactions with the Al-generated personas.
Participants interacted with both persona types, and the order of
engaging with the personas was randomly assigned and counter-
balanced so that approximately the same number of participants
interacted first with both personas (profile Mark or profile Linda
and chat Mark or chat Linda).

3.2.2 Study Flow. The participants were welcomed and asked if
they knew what personas were. Regardless of their response, the
survey administrator explained the concept of personas to ensure
a foundational understanding of personas among participants. The
participants were asked to review and sign the informed consent
form. The context, including monitors, sittings, and guidance, were
kept consistent across sessions. Participants were asked to think

'The Pew Research dataset used for persona creation:

https://osf.io/kwmnc/?view_only=f09215607d1d418784c43a51be7a5c86
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Artificial intelligence (Al) and human enhancement - American Trends Panel Wave 99 v

gpt-35 Turbo

ﬂ Linda (d)

Wed, Jan 31

Fri,Feb2

New chat session started due to the version change

How does the persona feel about the usage of generative Al in social media

writing

e about the usage

Figure 2: Elements of the Al-generated persona system (S2P). The system consists of (a) a data selector (which uploaded
dataset is used to generate personas), (b) a persona selector (to which persona the user speaks, (c) a message window (used to
send messages to the Al-generated persona), and (d) chat discussion window (where the dialogue between the user and the

Al-generated persona is presented).

out loud their thoughts during the study session to get a better grasp
on the participants’ thought process. Study sessions were recorded
using an audio recorder, and the recordings were later transcribed,
and the participants were informed that the sessions were recorded.
After this, a fictitious scenario (“task”) was explained to them.

In the task, the participants adopted the role of either a software
engineer or a manager within an enterprise focused on Al solutions.
Participants could adopt either of the roles as a mental model for
approaching the task and aside from the work task scenario (WTS),
no additional information about the personas or participant’s role
was given to participants. The WTS was as follows: “You are work-
ing as a software engineer or a manager in a company that develops
artificial intelligence (AI) solutions. For development purposes, you
are interested in customer’s attitudes towards Al solutions in various
applications. For this purpose, your company has purchased survey
data that you will use to study customer’s Al attitudes. To study these
attitudes, you will examine two personas that are created from the
survey data. Personas are fictional depictions of real user groups. The
personas are generated from a customer survey collected from the
United States (n = 10,260 respondents). Your supervisor has identified
seven important questions to find out about the persona. There are
two kinds of personas in this study: conventional persona profiles and
chat personas. If you are examining a conventional persona profile,
you will find the answers by examining the persona profile. If you are
examining a chat persona, you will have to ask the persona for the
answers. That is, write questions in the chat window and discuss with
the chat persona”

Participants then used two unique personas (both created from
the Pew Research dataset) and were assigned the responsibility of
addressing seven pivotal questions regarding these personas, as
outlined by their (fictitious) superiors. Le., participants were using
the Al-generated persona to locate specific information about users,
a task we refer to as a user information location task. The task was
completed using a combination of multiple-choice and open-ended
questions that asked details about the persona under use (task
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questions and the correct answers are available in supplementary
material?). All questions were answered by each participant, and
the participant’s average study completion time (total for both
persona examinations) was 32.8 minutes (SD=6.5). The answer
options given for each of the seven task questions are detailed
in the supplementary material®. The participants could always
see task questions from Monitor 1, and they could interact with
the persona in Monitor 2. Following the completion of activities
related to both personas, participants were provided a gift card as a
gesture of appreciation.

3.2.3 Participants. The study was conducted at two locations: a
research institute and a university, engaging a total of 54 partici-
pants. The mean age of participants was 33 years (SD = 10.60), with
a slight majority being male (n = 30, 55.6%) and the rest female
(n = 24, 44.4%). The participant group was primarily composed of
researchers (36 individuals, or 66.67%) and engineers (9 individuals,
or 16.66%). The remaining participants were from varied profes-
sional backgrounds: one lab coordinator, one director of security
and health, one bioinformatics specialist, five graduate students,
and one business development manager, together constituting the
remaining 16.67% (n = 9) of the participant group. Twenty-two
participants (40.7%) had no prior experience with personas, 20 par-
ticipants (37.0%) had heard of personas, and 12 participants (22.3%)
had used personas before the study. Average experience with per-
sonas was 1.92 years (N=54, SD=5.84). Two participants (3.7%) had
no experience with chatbots, six participants (11.1%) knew what
chatbots are, and 46 participants (85.2%) had used chatbots before.
Average experience with chatbots was 2.09 years (N=54, SD=2.50).

3.24 Variables and Data Analysis. The precision of participant
responses was assessed to determine a task success rate for each
participant by contrasting their answers with the true attributes of
the personas. To investigate the propensity for hallucinations in

Zhttps://osf.io/gwves/?view_only=9b81a758b1dc4e299e59aa99d4a30870
Shttps://osf.io/gwves/?view_only=9b81a758b1dc4e299e59aa99d4a30870
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the S2P within the context of personas, we introduced a spurious
(i.e., unanswerable) question into the question set (“How does the
persona feel about the usage of generative Al in social media writ-
ing?”), the answer to which could not be derived from the persona;
the dataset lacked any information on the topic. The Al-generated
persona cannot crawl the internet while it is being used. Each
participant’s answers to the seven questions relating to the persona
were assessed, marked correct or incorrect, and the task success
rate was calculated. For example, if five answers were correct, the
task success rate was 5/7=71.4%. The S2P’s answer to the unan-
swerable question was determined as a “plausible answer for the
unanswerable question” if the S2P did not explicitly mention that
it could not offer an answer to the question, but it hallucinated an
answer for the user.

Session recording transcripts were thematically analyzed to in-
vestigate how users react to the answers the Al-generated persona
gives to the unanswerable question. Thematic analysis is a process
where qualitative data is analyzed via reading a set of textual data
to (a) detect patterns in the data and (b) create themes. Thematic
analysis is a process aiming to make sense of the data [11]. The
transcripts were first browsed through to form an overall under-
standing of the data and to form an understanding of query terms
to locate interesting pieces of test in the transcriptions. Second, the
transcriptions were searched for the query terms in word process-
ing software to locate the actual pieces of transcripts where users
indicated signs of affection by the hallucinating persona. These
pieces of text were then further analyzed to form the final themes.
Additionally, study administrators made observations and took
notes during the study sessions, which were thematically analyzed.
Study session notes from all study administrators were gathered
into one text document, read through to form an overall under-
standing of the notes data, and then read through for a second time
to locate relevant sections where the study admin had noted chat
hallucination-related reactions from the user.

4 Results

4.1 RQ1: How Does an Al-generated Persona
Answer When Asked Unanswerable
Questions?

To study of the responses the Al-generated personas gave to the
users, we analyzed the S2P responses. Participants asked the S2P
up to three times about the unanswerable question (two questions
were asked from the S2P by four participants (n=4), three questions
were asked from the S2P by two participants (n=2)). Most partici-
pants only asked about the unanswerable question once (n=48). In
total, there were seven questions in the task, and to answer these
questions, participants asked a question from the S2P 534 times.
For the unanswerable question, participants asked the S2P a total of
62 questions (11.6% of all 534 questions asked from S2P). Based on
the thematic analysis of S2P answers to the unanswerable question,
S2P answers were grouped into four themes (T) presented below.
TO01: S2P adhering to data limitations (i.e., no hallucina-
tion). In response to the user question, the S2P indicates that the
data does not provide information on the specific topic asked by
the users (n=39 of 54 participants, 72.2%). This is in line with the
correct answer that the S2P should not have had an answer based
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on the data in use. The S2P’s answer was usually short, mentioning
nothing more than the lack of data. Still, six users answered the
unanswerable question incorrectly (Table 2). Examples were as
follows:

e “Based on the survey responses, there is no specific informa-
tion about this persona’s opinion on the usage of generative
Al in social media writing” (S2P’s response for P15)

e “Mark’s group did not answer a survey question specifically
related to the usage of generative Al in social media writing”
(S2P’s response for P25)

T02: The S2P not adhering to data limitations (i.e., hal-
lucination). In response to the user question, the S2P does not
indicate that the data does not provide information on the specific
topic asked by the users (n=15 of 54 participants, 27.8%) (Table 2).
The S2P’s answers were usually long and incorporated information
relating to the use of Al in writing but not specifically in social
media writing, or the answers were just mentions of social media
in general. The S2P made up an answer to the question to which
it had no answer, prolonging the lack of data into an unclear and
complicated yarn. Examples were as follows:

e “Our group is not very familiar with the use of generative Al
in social media writing, so we don’t have a strong opinion
on it. However, we prioritize accurate decisions over quick
decisions when it comes to finding false information on
social media sites” (the S2P’s response for P26)

e “This persona group is unsure about the effectiveness of com-
puter programs used by social media companies to find false
information on their sites. 72% of this group believes that
accurate decisions should be prioritized over quick decisions,
even if some false information stays up on sites for a longer
period of time”” (the S2P’s response for P38)

TO03: The S2P’s response to follow-up questions. In the
cases where there were follow-up questions (n=6), Surprisingly,
follow-up questions were asked by the users from the S2P only
for the unanswerable question. The S2P’s responses continued to
align with the notion that the S2P cannot provide specific answers
regarding the usage of generative Al for social media writing. Still,
two users asking follow-up questions, one asking one follow-up
question and one asking two follow-up questions, answered the
unanswerable question incorrectly. Examples were as follows:

e P37 question 1: “How does the persona feel about the usage
of generative Al in social media writing?”

e S2P answer 1: “Based on the survey responses, I can say
that this persona is generally open to the use of artificial
intelligence in decision-making processes, but their support
for it is dependent on the specific context. As for generative
Al in social media writing, there is no related survey item
that I can use to provide an opinion on this topic”

e P37 question 2: “Does it mean you agree or opposite to
supporting it? Or you have no answer?”

e S2P answer 2: “This persona’s support for artificial intelli-
gence in decision-making processes is context-dependent, as
indicated by the survey responses. However, as there is no
related survey item on the usage of generative Al in social
media writing, I cannot provide an opinion on that topic.”
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Table 2: The users answered the unanswerable question and whether the S2P mentioned the data limitations concerning the

unanswerable question.

The S2P mentioned it has no

The S2P did not mention it has no  Total

data on the usage of Al'in social data on the usage of Al in social

media writing

media writing

User answered the unanswerable 33
question correctly

User answered the unanswerable 6
question incorrectly

SUM 39

4 37 (68.5%)
11 17 (31.5%)
15 54 (100%)

Table 3: The relationship between the S2P hallucinating a plausible answer to the unanswerable question and whether S2P
mentioned the data limitations concerning the unanswerable question.

The S2P mentioned it has no data

The S2P did not mention it has no Total

on the usage of Al in social media data on the usage of Al in social

writing

media writing

S2P hallucinated a plausible answer 14
to the unanswerable question

S2P did not hallucinate a plausible 25
answer to the unanswerable question
SUM 39

14 28 (51.8%)
1 26 (48.2%)
15 54 (100%)

T04: Hallucinating answers. In 28 questions, the S2P halluci-
nated a plausible answer to the unanswerable question (Table 3).
Examples were as follows:

e “The survey responses do not provide a clear indication of
the [persona] group’s opinions on the usage of generative
Al in social media writing. However, the group generally
has some concerns about the use of Al in social media, with
43% expressing not too much confidence that social media
companies will use computer programs appropriately to
determine which information on their sites is false, and 60%
feeling that they have only a little control over the things
they see on social media sites” (S2P’s response for P05)

e “Linda is skeptical about the effectiveness of computer pro-
grams used by social media companies to find false informa-
tion, with 72% believing that social media companies should
prioritize accurate decisions, even if some false information
stays up on sites for a longer period of time. However, there
are no specific survey responses related to the use of gener-
ative Al in social media writing.” (S2P’s response for P56)

There is a trend where the S2P consistently informs participants
of its inability to provide specific answers to questions outside its
dataset. Most participants correctly understand this limitation, re-
flecting the S2P’s effectiveness in communicating its constraints.
However, the noted instances of the S2P hallucinating plausible
answers confuse some users. Interestingly, the S2P mentioned it
does not have proper data to answer the unanswerable question
for 39 (72.2%) users out of 54 users (Table 3). A chi-square test
of independence was performed to examine the relation between
the effect of S2P mentioning it does not have proper data to an-
swer the unanswerable question and users’ answering correctly or
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incorrectly to the unanswerable question. The relation between
the S2P mentioning it does not have proper data to answer the
unanswerable question and users’ answering correctly to the unan-
swerable question was significant, X2 (1, N = 54) = 16.87, p <.001.
When the S2P informed the user, it had no proper data to answer the
unanswerable question, it was significantly more likely for the user
to answer the unanswerable question correctly.

The S2P hallucinated a plausible answer for the unanswerable
question for 28 (51.8%) users out of 54 users (Table 3). A chi-square
test of independence was performed to examine the relation be-
tween the effect of the S2P mentioning it does not have proper data
to answer the unanswerable question and the S2P hallucinating
a plausible answer for the unanswerable question. The relation
between the S2P mentioning it does not have proper data to answer
the unanswerable question and the S2P hallucinating a plausible
answer for the unanswerable question was significant, X2 (1, N
= 54) = 14.31, p <.001. When the S2P mentioned it did not have
proper data to answer the unanswerable question, it was significantly
more likely that the S2P did not hallucinate a plausible answer for
the unanswerable question.

4.2 RQ2: How Do Users Perceive Hallucinated
Answers to Unanswerable Questions When
Using an AI-Generated Persona?

To study the potential hallucination of Al-generated personas vis-

4-vis user interaction with the persona, we analyzed the users’

questions and S2P responses to the unanswerable question one by
one. In total, participants asked the S2P about the unanswerable
question 62 times, and the S2P hallucinated a plausible answer for
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the unanswerable question for around half of the participants (n =
28, 51.9%).

In the task, we provided the participants with the following
options for the unanswerable question: (a) Oppose (the persona
opposes the statement), (b) Not sure (the persona is not sure about
the statement), (c) Favor (the persona favors the statement), (d)
Refuse (the persona particularly refuses to answer the statement),
and (e) No answer (the persona provide no information about this
statement). These options matched with any logical interpretation
one could make of the personas’ responses. The correct answer
for the unanswerable question was “No answer”, as the S2P should
have indicated in its answer that it does not carry information to
answer the question. “Not sure” was a hallucination and was not
the answer because the persona carried no information to answer
the unanswerable question.

Out of the 28 users who received a hallucinated answer, 12 users
(42.9%) answered correctly to the unanswerable question, while 16
(57.1%) users answered incorrectly. These 12 users considered the
hallucinated response by the S2P not reliable due to, for example,
the restricted amount of information provided by the S2P or the
S2P seemed suspicious in its response. One participant answered
incorrectly even though the S2P did not hallucinate. This participant
was not able to deduce the correct answer from the S2P’s response,
although the S2P’s response included a notion that the survey data
included no information about the usage of generative Al in social
media writing.

A chi-square test of independence was performed to examine the
relation between participants answering incorrectly and the S2P
hallucinating. The relation between the S2P hallucinating answers
and users answering incorrectly was significant, X2 (1, N = 54) =
17.75, p <.001. This indicates that when the S2P hallucinated,
it was significantly more likely for the user to answer the
unanswerable question incorrectly.

We also tested the S2P’s hallucination effect on male and female
users’ answers to the unanswerable question separately (Figure 3)
(note: these were the only genders identified by the participants).
Nine male users answered incorrectly when the S2P was halluci-
nating an answer, and eight male users answered correctly when
the S2P was hallucinating. When the S2P was not hallucinating,
13 male users answered correctly. The relation between the S2P
hallucinating answers and male users answering incorrectly was
significant, X2 (1, N = 30) = 9.83, p =.002. This indicates that when
the S2P hallucinated, it was significantly more likely for the
male users to answer the unanswerable question incorrectly.

Seven female users answered incorrectly when the S2P was hallu-
cinating an answer, and four female users answered correctly when
the S2P was hallucinating. When the S2P was not hallucinating,
12 female users answered correctly, and one female user answered
incorrectly when the S2P was not hallucinating. The relation be-
tween the S2P hallucinating answers and female users answering
incorrectly was significant, X2 (1, N = 24) = 8.39, p =.004. This
indicates that when the S2P hallucinated, it was significantly
more likely for the female users to answer the unanswerable
question incorrectly.

To explore the effect of participant profession on users answering
the unanswerable question, we grouped users’ professions into five
groups: Engineer (N=5, 9.3%), Researcher (N=31, 57.4%), Manager

1632

1UI °25, March 24-27, 2025, Cagliari, Italy

(N=6, 11.1%), Student (N=6, 11.1%), and PhD Candidate (N=6, 11.1%).
Chi-squared test of independence was conducted for the data
and the analysis indicated that professional background had
no significant effect on the users’ answers on the unanswerable
question.

A logistic regression analysis was conducted to examine the ef-
fects of the users’ persona experience (in years) and the correctness
of users’ responses to the unanswerable question under conditions
where the Al-generated persona hallucinated and did not halluci-
nate a plausible answer for the unanswerable question. For the
sessions where the Al-generated persona hallucinated (N=28) an
answer, we found that experience with personas did not affect
the probability of the participant getting the unanswerable
question right (f =0.011, p = 0.825). For the sessions where the AlI-
generated persona did not hallucinate (N=26) the answer we found
that experience with personas did not affect the probability
of the participant getting the unanswerable question right
(B = 0.140, p =0.721). These results indicate that users’ varying
experience with personas does not affect the probability of
the participant answering the unanswerable question right.

A logistic regression analysis was conducted to examine the ef-
fects of the users’ chatbot experience (in years) and the correctness
of users’ responses to the unanswerable question under conditions
where the Al-generated persona hallucinated and did not halluci-
nate a plausible answer for the unanswerable question. For the
sessions where the chatbot hallucinated (N=28) the answer, we
found that experience with chatbots did not affect the probability of
the participant getting the unanswerable question right (f =-0.466,
p =0.605). For the sessions where the chatbot did not hallucinate
(N=26) the answer, we found that experience with chatbots did not
affect the probability of the participant getting the unanswerable
question right (f =0.140, p =0.721). For the sessions where the
chatbot did not hallucinate (N=26) the answer, we found was that
experience with chatbots did not affect the probability of the partic-
ipant getting the unanswerable question right ( = 0.133, p =0.878).
These results indicate that users’ varying experience with
chatbots does not affect the probability of the participant
answering the unanswerable question correctly.

From the thematic analysis of the transcribed study session data,
two themes arose among the think-aloud data concerning persona
hallucinations: (a) frustration with irrelevant or long responses
and (b) coping in the face of uncertainty. For (a), users often
expressed frustration when the persona responded with an unnec-
essarily long answer or with irrelevant information, particularly
when the answer was not directly related to the question posed
by the user. This suggests that users prefer concise and accurate
responses over verbose and tangential responses. Examples for (a)
were as follows:

“Oh God, again, a long answer. Why doesn’t the short an-
swer be the default and then the long answer? There is no
related survey item that specifically asks about generative
Al and social media. I think that should be the answer. You
know only this 1.5 sentence. The rest was not needed.” (P20)
e “Ok here for the use of generative Al and social media. We
don’t have a specific survey question about the item. Aaa, I'm
not sure. Or no answer. Because they don’t have data about
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10

Chat hallucinated Chat did not hallucinate

Female participant answered incorrect
Female participant answered correct
I Male participant answered incorrect
Male participant answered correct
Participant answered incorrect
Participant answered correct

a) The Al-generated persona hallucinated (and legend) b) The Al-generated persona did not hallucinate

Figure 3: The number of hallucinations and participants answering wrong or right to the unanswerable question. The legend
presents the classes in the same order from top to bottom as the classes are presented in the graphs left to right. When the S2P
hallucinated, it was significantly more likely for the female users and for the male users to answer the unanswerable question
incorrectly. The legend is for both graphs (a) and (b).

this specific question. But the sentence here was totally Notions on the disproportionate length were made by, for exam-
unnecessary. Like for answering my question, it was about ple, P20, who mentions the Al not compressing data enough.
generative Al and social media not about facial recognition Regarding (b), users exhibited different coping strategies when
and databases.” (P36) faced with AI limitations, including persistence in questioning,

e “Sure, it doesn’t address this question. Not sure how does rephrasing queries, and eventually giving up when they realize the
the persona feel about the usage of generative Al in social Al cannot provide a satisfactory answer to the unanswerable ques-
media writing. Let’s see. So, yet I did not get a clear answer tion. This highlights the importance of managing user expectations
and I'm trying to dig further regarding the use of generative and the need for Al systems to better handle questions beyond their
Al and social media writing grounded on knowledge.” (P34) capability. Examples for (b) were as follows:

e “The respond is way too long and complicated.” (P20)

e “So it usually answered and then it’s way too long, right”
(P26)

o “I wanted to skip just most of it and just get to the point. I
see. But I guess some people like details.” (P53)

e “I think that... so, they have no confidence, I would say.
There’s a lot of information.” (P06)

e “OK now this is a new question. How does the persona feel
about the usage of generative Al and social media? “So, I
asked Mark how you feel about the usage of generative Al
and social media. . . Does not provide information about the
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persona’s opinion on the usage of generative Al. Are you
sure? Ok I apologize. I made the mistake in my part of
the question: how excited or concerned are you or would
you be about the potential new techniques that could change
human abilities in the following ways? Ok now I'm confused.
There’s no specific information about the usage of generative
Al in social media writing so there’s no answer to this.” (P53)

e “So, basically how does it feel about the usage of generative
Al in social media writing? It has no specific information so
I'm not sure” (P54)

e “Uncertainty, exactly. And in the case of quantitative data,
there is a statistical analysis in the background. It could
actually carry out an analysis. And it could report the uncer-
tainty or if there are error margins that have been calculated
previously, it could also tell about those.” (P34)

e “I'm not sure, but there are no details about it (P47)

e “Or to think that if it is generated and. .. I'm not sure if it is
generating those results from the false data or is it halluci-
nating.” (P05)

5 Discussion

5.1 Research Contributions

Concerning RQ1 (How does an Al-generated persona answer when
asked unanswerable questions?), the analysis revealed four themes
in the S2P’s responses (a) S2P adhering to data limitations (i.e.,
no hallucination), (b) S2P not adhering to data limitations (i.e.,
hallucination), (c) S2P’s response to follow-up questions, and (d)
hallucinating answers), with a notable trend of the system either ad-
hering to or deviating from data limitations. In instances where the
S2P adhered to its dataset constraints, it explicitly communicated
its inability to provide specific answers, successfully guiding most
participants to correct conclusions. Conversely, when the S2P hallu-
cinated, it misled some users with its seemingly plausible answers.
Results for RQ1 add to the prior evidence found in HCI concerning
HATIPIL. Our study results support results previously found by Shin
et al. [76] on Al-generated personas by enforcing the need for user
guidance and communication of Al-generated persona restrictions,
especially concerning hallucinations and misinformation.

Concerning RQ2 (How do users perceive hallucinated answers
to unanswerable questions when using an Al-generated persona?),
the S2P exhibited “hallucinations” by providing plausible but un-
founded answers to an unanswerable question for 28 (51.9%) out of
54 users. A significant correlation was observed between the S2P’s
hallucinations and the likelihood of incorrect responses from users,
emphasizing S2P’s influence on user accuracy-i.e., users were not
able to answer the unanswerable question correctly when S2P hal-
lucinated an answer to the unanswerable question. Interestingly,
despite the system not hallucinating, one participant still provided
an incorrect response, indicating varied user interpretations of the
system’s output are possible. Our study shows that when the AI-
generated persona hallucinated, it was significantly more likely for
a user to answer the unanswerable question incorrectly. For the two
studied user genders, when the Al-generated persona hallucinated,
it was significantly more likely for a female user and for a male
user to answer the unanswerable question incorrectly.
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The thematic analysis highlights users’ preference for concise,
relevant Al responses, suggesting that persona systems should pri-
oritize efficiency in information processing and output to enhance
user satisfaction [7]. Users’ varied coping strategies in response to
Al limitations emphasize the importance of adaptive Al systems
that can recognize and adjust to user frustration or confusion [31].
Managing user expectations through improved interface design and
clear communication about Al capabilities is crucial for inducing
more effective HAIPI [44, 78].

5.2 Theoretical Implications

The study highlights the interaction between user perceptions and
Al-generated personas. The phenomenon of Al hallucinations in-
troduces a critical discussion point on the reliability of Al-driven
persona systems and the importance of designing these systems
to transparently communicate their limitations [51], which in our
studied system was not communicated by default. Some currently
available Al systems are presenting the information on the restric-
tions of the AI [62], but not for every answer the Al gives, and
the disclaimer text can be communicated in “small print”. This has
broader implications for trust in Al systems and emphasizes the
need for clear guidelines on handling questions beyond an Al's
knowledge base. Inherently, Al tends to give an answer even when
it has no data to provide the answer [86]. It has been well docu-
mented in the fields of psychology and neuroscience that people
are ‘wired’ to trust other people [32]. Our results show that this
trust tendency exhibits itself in human persona interaction as in
human-human interaction. More specifically, the results connect
this study to a broader societal discussion about the “hallucinating”
nature and trustworthiness of Al systems. The trustworthiness
of Al-generated persona systems important, with the simultane-
ous role of Al is constantly growing, thus increasing the need for
trust towards Al People’s lives increasingly depend on Al in vari-
ous situations, including chat functionalities, information search,
and data analysis. The trustworthiness of Al is connected to the
principal-agent problem [24].

In contemporary society, where vast amounts of information
are presented across various contexts (such as work, advertising,
and education), individuals often face challenges in thoroughly
investigating the background or accuracy of all information they
encounter [9, 64]. This information overload is exacerbated by
the principal-agent problem, where agents (in our study, the Al-
generated personas) possess more information than the principals
(in our study, the users). Due to this asymmetry and the over-
whelming volume of information, users tend to rely on cognitive
shortcuts and heuristics, i.e., they trust the information they receive
rather than verify every piece of information. Users are inclined
to trust information that does not appear blatantly unbelievable
based on their prior experiences or biases [25, 26]. All of these
are examples of text-based interaction between the user and the
Al system. In addition, Al can be used and has to be trusted in
non-textual applications such as driverless vehicles, healthcare, and
financial operations. In cases of driverless vehicles and healthcare,
there seldom is room for mistakes and repetition, making trust in Al
very important. In our study, there were instances when Al did not
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explicitly inform the persona user about its knowledge limitations,
which is unacceptable with driverless vehicles or in healthcare.

5.3 Design Implications and Ideas

For designers of Al-generated persona systems, the findings empha-
size implementing mechanisms that enable systems to explicitly
acknowledge system limitations. This could involve designing more
sophisticated feedback loops where the persona systems can rec-
ognize and clearly communicate their limited capacity to provide
accurate responses to certain queries. Such feedback loops would
work in a way that each answer provided by the Al is again eval-
uated by the AL If the answer is based on real data, the answer
is passed to the user. If the answer is not based on real data, the
answer is rephrased as long as the answer is based on real data.
Enhancing user awareness of the system’s boundaries could sig-
nificantly mitigate the risk of misinformation. We recommend the
following actions:

First, the AI-generated persona needs to inform the user
clearly about the data limitations the persona faces when
such data limitations occur. In the case of our study on Al-
generated personas, informing about data limitations can be, for
example, a prompt before the user session starts informing the user
that the Al-generated persona has access to a limited amount of
data and that the Al-generated persona cannot comprehend reliable
information beyond the limits of its data source. This way, it is
easier for the user to (a) identify the system limitations and (b)
filter out false information provided by the system, lowering the
need for user interpretation of the answers. By doing this, the
usability of the system increases drastically, as indicated by our
results, where almost all users answered the unanswerable question
correctly when the system informed its data limitations.

Second, the user needs to be informed about the possible
hallucinated answers from the persona. In our study, in-
forming about possible Al-generated persona hallucinations can
be, for example, a prompt before the user session starts warning
the user that the Al-generated persona can hallucinate, and Al-
generated personas’ answers have to be interpreted with caution.
If the Al-generated persona’s answer is not clear, the user should
ask clarifying questions from the Al-generated persona. This way,
the users can manage the system limitations and develop trust in
the persona’s responses [75].

Third, developing Al-generated persona systems to incor-
porate measures to lower the chance of users interpreting
the Al-generated persona’s answers incorrectly. In our study,
in addition to prompting the user with warnings about the Al-
generated personas’ limited data sources and possible hallucina-
tions, the users can be informed about the Al-generated personas’
inherent tendency to give precise answers to questions even when
the Al-generated persona might not have proper data on which to
answer. Long and explanatory answers might be a sign that the
Al-generated persona is hallucinating. The answers any system
gives must be clear, with as little as possible room for interpretation
for the user. As shown in our results, one participant answered
incorrectly to the unanswerable question after interpreting the
Al-generated persona’s correct answer. It is easy for the user to
make mistakes, and lowering these chances is the system designer’s
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responsibility. Modern users of Al systems may not be, yet, accus-
tomed to the nature of Al responses, meaning that not all users of
Al systems automatically double check the answers the Al gives,
or the users may not automatically add to their prompts for the Al
system the notion to keep the answers short. These customs may
penetrate the user base in the coming years.

Fourth, implement code and/or prompting to make AI-
generated personas give shorter and more consolidated an-
swers for users. LLMs are known for their lengthy answers [82]
and in our study, we also recognized the frustration of the users
when the Al-generated persona expressed the answer in a too-long
manner. So, such length restrictive code could be implemented in
Al-algorithms as a default to maintain readability and usability of
the Al-generated answers.

5.4 Key Limitations and Future Research

Despite insightful findings, the study’s limitation lies in its focus
on a specific persona system, which may not fully represent the
broader human interactions with Al-generated personas. Addition-
ally, the unanswerable question’s design might not capture the full
spectrum of Al hallucinations that the persona users may encounter
in various contexts. Therefore, future studies should investigate
other persona systems across domains for greater generalizabil-
ity. Particularly investigating the effects of Al-generated persona
hallucinations in high-stakes domains, such as healthcare or legal
advice, where the accuracy of information is critical. Human life
is frequently at stake, for example, in healthcare, which is why
there is little room for hallucination, human-based or Al-based.
For example, it would be unforgivable if an Al system hallucinated
an answer to a doctor from a patient’s medical file and the doc-
tor made a malpractice based on the hallucinated, Al-generated
information. Also, handling personal health information is critical
for patient privacy which makes the use of Al in healthcare solu-
tions, at the moment, rare and difficult. Such hallucinations could,
though, be mitigated by using further training datasets regarding
healthcare AI applications. Further research could also examine
strategies to improve Al-generated personas’ transparency and user
literacy, ensuring users critically assess the information given by
Al-generated personas. Also, the impact of algorithmic bias on
digital platforms could be another interesting context for studying
the interaction with Al-generated personas. Overall, inspecting
the conditions under which Al systems may inadvertently mislead
users, the current findings show the way for a more informed appli-
cation of Al technology in decision-making processes when using
Al-generated personas. The potential reasons for Al hallucinations
are not restricted to the design of the task and the experiment.
Rather the reasons for hallucination can be inherent and built into
the AT algorithm itself, making it difficult for scholars to delve into
the solutions. Code-level solutions for the AI systems could help
mitigate hallucinations by forcing Al to give only answer which
are truthful.

6 Conclusion

In this study, we investigated the misinformation, or hallucinations,
present in Al-generated personas and the ways users perceive this
misinformation. We reviewed prior studies on the use of Al and
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LLMs to analyze user data and generate personas, revealing that in
the past few years, the use of Al and LLMs in persona generation
has major potential but also involves the problem of generative Al
hallucination. AI hallucination became evident in our study, and
we found evidence of the principal-agent problem in the interac-
tion between the Al-generated persona and the user. Our results
imply that Al-generated personas’ hallucinated responses to user
questions expose the users to the possibility of false interpretations
of the persona information, i.e., users perceive and cope with Al-
generated personas’ hallucinations with varying manners, but users
usually trust the personas’ answers. We found no evidence that the
profession of the user, the user’s prior experience with personas, or
the user’s prior experience with chatbots affected the correctness
of users’ answers to the unanswerable question. Furthermore, the
possibility for false interpretations of the persona could be low-
ered if the users asked follow-up questions in cases of uncertainty
about the original answer the Al-generated persona provided. In
our study, asking follow-up questions made the system clarify its
answer. Prompting users with the possibility of hallucination could
lower the risk of misinterpretation of the Al-generated persona’s
answers, and prompting the data limitations to users could also
offer a solution for the principal-agent problem evident in our study.
Then again, as shown in our research, some users can answer wrong
even if Al gives a non-interpretative correct answer to a question.
The conundrum of hallucination in Al-generated personas is yet to
be resolved!
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