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The proliferation of artificial intelligence (AI) technologies has led to the rise of conversational decision-making
support systems, such as dialogue persona systems that provide conversational access to various user segments.
For example, product managers can ask personas about features before implementing them, politicians can
learn about the needs of local communities through personas, and so on. Nascent research has looked at
challenges when users interact with Al personas, but has not framed it as a principal-agent problem, in which
the Al represents a persona that itself represents real people in the data. This setting exposes unique interaction
challenges that decision makers face when engaging with Al-generated conversational personas, which we
examine through a user study with 56 participants using Al-generated conversational personas. Our results
indicate seven interaction challenges: (1) Hidden Information, (2) Hidden Personas, (3) Hidden UI, (4) Lack
of Al Agency, (5) Al’s Selective Attention, (6) Confusing Distributional Information, and (7) Conversational
Cold Start that we conceptually link with agency theory. We discuss how the interaction challenges could be

alleviated and suggest directions for future work.

1. Introduction

User personas (henceforth, ‘personas’) support decision making in
user-centered design (UCD) and human—computer interaction (HCI) as
empathetic representations of real user groups' [1]. Personas enable
designers and other key decision makers to better empathize with
users and understand their needs, preferences, and pain points, thus
promoting UCD [1]. Personas are applied in many decision-making
contexts, including software development, e-commerce, education, and
healthcare, to evoke empathy for users and guide decisions, such as pri-
oritizing feature development, shaping interaction design, and choosing
target audiences. Better user understanding, in theory, leads to better
decisions, which, in turn, are expected to deliver better outcomes for
product users and companies developing the products [1]. Even though
personas are fictitious user representations, they represent real user
groups, which makes them relevant instruments for decision-making
support.

* Corresponding author.
E-mail address: danialam@uwasa.fi (D. Amin).

Increasingly, persona creation leverages artificial intelligence (AI)
technologies [2,3], Al-generated conversational personas answer informa-
tion requests from decision makers and provide their answers based
on real, segmented user data [3-5], rather than hallucinated or “syn-
thetic” data. Therefore, conversing with personas is data-driven yet
empathetic [6]; it is as if talking to a representative of the target user
population. The main difference between Al-generated conversational
personas and general-purpose Al chat systems like ChatGPT is that the
former are created from primary user data relevant to the decision-
making context, while the latter are not. Reliance on primary data
about people, along with domain expertise [7,8], is appropriate for a
decision support system (DSS) when those decisions affect people.

Personas have been conventionally presented as profile personas,
and challenges with profile personas are well known — personas are
considered abstract, stereotypical, and misleading [9] — but it is
not well known which challenges apply to conversational personas in

1 Readers occasionally confuse personas with avatars. For clarification, avatars are used for self-representation [11], while personas are used to represent others

(particularly groups of people).
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decision-making tasks. More generally, human-like user representation
has been somewhat studied in DSS literature [10], but not to a great ex-
tent. Fehrenbacher et al. [11] studied avatar representation and found
that knowledge sharing increases when colleagues are represented by
photographs rather than digital avatars. Interaction quality has been
observed to influence how decision makers approach conversational
tools. For example, Grimes et al. [12] found that better conversational
capabilities improved users’ perceptions of a conversational agent, sug-
gesting that interaction quality plays a crucial role in decision-making
when using conversational technologies. However, these challenges of
Al-generated conversational personas are not well known, which calls
for empirical research.

Unlike general-purpose conversational Al (e.g., ChatGPT) that are
anthropomorphic systems representing neither real individuals or gro-
ups of people, conversational personas are specifically designed to
represent real people for decision-making purposes, creating unique
interaction expectations and challenges that require dedicated inves-
tigation beyond general-purpose chatbot research. Furthermore, the
current research is timely because decision sciences Al technologies
are fundamentally influencing virtually every DSS available in the mar-
ket [13]. As noted by Storey et al. [13], “The field of decision sciences is
undergoing significant disruption and reinvention because of rapid ad-
vances in [AI] technologies and the design of complex human-artificial
intelligence systems.” Generative Al (GenAl) and large language models
(LLMs), such as ChatGPT, have gained immense research interest.
These LLMs can generate coherent, contextually relevant text, answer
questions, and converse with users, supporting decision-making in a
range of contexts [13,14]. The evolution of LLM technology has led
to conversational DSSs, of which Al-generated conversational personas
are one type. Conversational personas can support decision makers
who need to understand groups of people to make crucial business,
development, or other decisions. This “understanding” forms through
conversations with personas representing the groups of people affected
by the decisions.

Nascent research has begun to explore the effectiveness and impli-
cations of Al-generated conversational personas in practical decision-
making scenarios [15-17]. However, many questions remain about
how Al-generated conversational personas can support decision mak-
ing. What is the optimal way to present personas to decision makers?
Are persona profiles “better” than conversational personas? What are the
main interaction challenges with conversational personas? These questions
motivate the current work.

Traditionally, persona creation has been highly dependent on hu-
man involvement, with associated challenges such as subjectivity, lim-
ited replicability and scalability, and long development times [6]. To
overcome these challenges, current research employs Survey2Per-
sona (S2P), an interactive persona system that (1) uses LLMs in the
persona generation process and then (2) makes the personas available
for decision makers to interact with (see Fig. 1), employed in prior
research [18,19].

S2P outputs Al-generated personas, which are personas created fully
or partially by leveraging AI technologies [2]. Al-generated personas
represent an evolved version of data-driven personas, presenting user
information in forms that are more easily understood and remem-
bered than “nameless, faceless data” by stakeholders making decisions
individually or in teams. In turn, Al-generated conversational per-
sonas provide an intuitive user interface (UI) to crucial information for
user-centered decision making.

Although Al-generated conversational personas offer potential ben-
efits, challenges arise from the limitations of Al technology and from
the interactions of decision makers with these systems. As aptly put by
Rapp and colleagues [20] “we do not have a comprehensive overview of
what has been investigated so far from the human side of human—chatbot
interaction, i.e., what people expect, feel and, more in general, experience
when they ‘encounter’ a chatbot” (p. 1). Some of the challenges in the
persona context are likely to originate from how chat works as an
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interaction technique, from how LLMs work in general, and from the
fact that persona is a special case of chat interaction. In particular, we
propose that the principal-agent theory is a useful frame of refer-
ence for interpreting and conceptualizing the challenges of interaction
between conversational personas and decision makers. In brief, the
principal-agent theory (also known as the agency theory [21]) exam-
ines challenges when one party (principal) delegates tasks to another
party (agent) whose interests may not align, involving information
asymmetry in which the agent knows more than the principal [22,23];
the risk of opportunism? arising from this setting is known as the
principal-agent dilemma [21].

It is vital to note that personas have typically been communicated
through profiles [1], making the persona profile a predominant inter-
face for persona design [24]. However, interaction with a conversational
persona differs from interacting with a persona profile, as it requires dif-
ferent forms of (1) inputs (typing vs. gazing), (2) information processing
(proactive vs. reactive), (3) presentation (low- vs. high-graphic UI), and (4)
mental model formation (gestalt vs. piecewise impressions). The question
of “optimal interface” matters because the interface can both support
and hinder decision makers’ ability to extract information from per-
sonas. Al-generated conversational personas involve distinct interaction
dynamics, presenting both challenges and opportunities from a UCD
perspective, which persona-based DSS developers urgently need to be
informed about. To that end, we pose the following research question:
What kind of challenges do users face when interacting with Al-generated
conversational personas?

To address our research question, we conducted an on-site user
study with 56 participants. Participants interacted with Al-generated
conversational personas generated from a survey dataset. We conduct
a qualitative analysis of the collected data using the think-aloud tech-
nique and the principal-agent theory as an analytical framework to
interpret the findings. This framing is suitable for the current context
because, unlike general chatbots where decision makers acknowledge
that they are interacting with Al, conversational personas represent
real people authentically, which creates a challenge in which the LLM
must faithfully represent both individual persona characteristics and
underlying user data, while decision makers rely on this representation
to make decisions about real groups of people the personas represent.
Overall, the findings can help DSS developers identify key interaction
challenges to address.

2. Related work
2.1. Conversational personas as decision support systems

In general, DSSs are a form of information systems that combine
data, analytical models, and Uls to help decision makers make more
informed decisions [25]. By extension, a conversational DSS (also known
as a dialogue-based system) is a computer-based system that uses nat-
ural language dialogue interfaces to help users analyze data, explore
options, and make informed decisions through interactive conversa-
tions. A persona-based conversational DSS is one type of conversational
DSS, although researchers use overlapping terms to describe personas
generated with computer programs (see Table 1). Data-driven persona
means that the persona is created using real data® about end-users. In
our study, we use the term Al-generated (conversational) persona to refer
to personas generated with Al and interacted with via a conversational
interface (i.e., chat).

DSSs that use Al-generated personas have a significant history. Per-
sonas started as a manual analysis of end-user data to facilitate decision

2 Defined as the agent acting against the interests of the principal.

3 This data does not necessarily need to be quantitative; also qualitative
data about end-users yields personas based on real experiences. However, the
concept is often used in quantitative studies.
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Fig. 1. The Survey2Persona UL Decision makers can select Al-generated personas from the list (A). A profile version of the persona is on the left (B), and the
conversational version is on the right (C). While decision makers can seamlessly switch between the persona types, it is not clear what interaction challenges

different persona formats are associated with.

Table 1

Evolution of persona concepts over time.

Persona concept Year Definition

User Persona 1999 A fictitious person representing a real group of people sharing certain
attributes [1].

Quantitative 2006 A persona created from quantitative data (e.g., survey) [26].

Persona

Data-driven Persona 2008 A persona based on any data about people [27].

Automatic Persona 2016 Using software to automate the persona-creation process, including

Generation automatic collection and analysis of data using algorithms (also referred to
as algorithmically generated persona [28]).

Al-generated 2024 A persona created using Al technologies; traditionally, “AI” referred to

Persona

algorithms such as clustering analysis, but it is increasingly used to refer
to GenAl [17] (also referred to as LLM-generated persona [2] when using
LLMs for analysis and/or write-up).

making in software development [1], later evolving into data-driven
personas that leverage data science algorithms [27], and then into
automatic persona generation (APG) where application programming
interfaces (APIs) provided end-user statistics to create and update per-
sonas in near real-time [28]. These personas were typically presented
as static profiles [24]. However, since the introduction of ChatGPT,
persona creation tasks are increasingly being delegated from humans to
LLMs [2,29]. While APG often relies on numerical data [28], LLMs can
analyze both structured (e.g., numbers) and unstructured (e.g., text)
data, which increases the scope of persona generation. Furthermore,
compared with previous models, LLMs can participate more holistically
in the persona generation process than previous computational tech-
niques. For example, computational techniques often using clustering
in persona creation, and the traditional approach was to ask humans to
name the clusters [28], but this labeling can now be conducted using
LLMs [3]. Arguably, the most significant change is the shift from static
profiles to conversational personas, which enables real-time interaction
between decision makers and personas.

Nascent empirical work on using Al to develop personas for decision
making suggests that (a) Al-generated personas match the quality of
human-created personas and (b) (at least some) tasks in the persona-
creation process could be delegated to an Al. For example, Schmidt [30]
shows that LLMs generate realistic personas from real survey data,
Schuller et al. [31] found that LLM-generated personas matched the ac-
ceptance rates of human-created personas, and De Paoli [32] concluded
that LLMs can generate rich persona narratives from user interviews.
However, researchers contend that LLMs should be given actual end-
user data, or the risk of misinterpretations and stereotypes crucially

increases [16]. Furthermore, Shin et al. [17] argued that AI cannot
handle all persona-creation tasks, especially those that require priori-
tization and judgment. So, despite the potential, the boundaries of task
delegation to Al in persona generation remain unclear.

Overall, conversational persona systems are introduced as alterna-
tive DSS tools for decision making about people in critical domains,
including business, content creation, and presenting marginalized per-
spectives in society. Many of these systems can be applied to a wide
range of decision-making situations, but their evaluation is often lack-
ing. Previous research has predominantly focused on persona quality
dimensions such as credibility and consistency [17,32], while neglect-
ing user interaction challenges and their implications for decision
support efficacy, which this study addresses.

2.2. Interaction challenges in conversational decision support systems

Although there are many potential interaction challenges in chat-
based decision-making systems (see a systematic review by Rapp et al.
[20]), we summarize here key considerations from a decision-making
perspective. First, chatbots often struggle to accurately interpret user
intent and context, leading to misunderstandings and frustration [33].
In the pre-LLM era, chatbots often relied on keyword-based methods
that yielded sentence outputs that could not anticipate each request
or use of language [34]. A lack of genuine understanding of hu-
man language resulted in an unsatisfactory user experience: “most
chatbots were not ready to handle the complexities of human conver-
sation.” [20] (p. 2).
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Second, chatbots can generate plausible but incorrect information, a
trait known as “hallucination” [35]. This is particularly problematic for
human-AI interaction because LLMs’ tone tends to be factual, believ-
able, and assertive — it is speaking as if it knew. So, users can struggle
to distinguish fact from fiction. Also, LLMs may perpetuate biases in
their source data, potentially leading to unfair decisions. Third, chat-
bots before LLMs struggled to maintain extended conversations, leading
to irrelevant responses [36]. This lack of memory has been a persistent
challenge, as it makes the interaction feel inconsistent and confusing to
the decision maker, reducing interaction effectiveness [37].

Fourth, chatbots — unless programmed — have no social sensi-
bility or emotional intelligence [17]. This is why many chatbots lack
the ability to recognize and respond appropriately to user emotions,
sometimes appearing “robotic” (monotonic, formulaic, repetitive, non-
natural, etc.), which can lead to unsatisfying interactions [38]. While
researchers attempt to make Al more human-like, this has been diffi-
cult with traditional chatbots and often led to “mirages” (inadvertent
effects, e.g., creepiness or lack of social presence). Although somewhat
improved, this challenge remains with current Al-generated chatbots.

Fifth, users often have high expectations about the capabilities
of the chatbot, leading to disappointment when the chatbot fails to
understand or perform as expected [39]. LLM-based chatbots often lack
real-world knowledge and can struggle with tasks that require up-to-
date information or common-sense reasoning. From a user interaction
perspective, this is problematic because LLMs’ style of communication
often mimics real experience [32] — e.g., it can refer to itself as “I” and
it can present convincing scenarios with high fluency but necessarily no
grounding in real human experience. Expectation violations undermine
DSS effectiveness, because incongruence between user expectations and
system capabilities leads to reduced decision support satisfaction and
diminished decision-making benefits [12].

2.3. Interaction challenges of conversational personas as a special case

At the outset, it seems logical to presume that many interaction chal-
lenges from conversational technology in general cascade into decision
making with conversational personas; after all, conversational personas
are a special case of chatbot technology. Some of these cascading
challenges relate to the technology itself (e.g., maintaining context
across long discussions and sessions, transparency issues, etc.). Others
relate to the interaction design of chatbots (e.g., communication style,
speed, and interface presets [34]. So, why would we expect any special
interaction challenges to emerge when the chatbot assumes the role of a
persona? Answering this question, we maintain that a conversational
persona differs from other chatbots in that it represents a particular end-
user segment. This means that the conversational persona needs to first
interpret the user’s message to the persona, then extract the relevant
information from the end-user data, and articulate a response back
to the user in the persona’s “voice”. Conceptually, this representative
delegation can be understood as a special case of the principal-agent
dilemma.

Although Al-generated conversational personas share similarities
with other types of chat systems (e.g., the role of anthropomorphism
[38]), this configuration of the AI standing between the user and the
persona creates distinct user requirements and challenges. Particularly,
users expect to engage with the persona as they would with another
human being [40]. This core tenet sets special requirements for inter-
action episodes; as in many other types of chatbot interaction, users
know that they are talking to a chatbot and can anticipate and toler-
ate non-human-like reactions.” Although Al-generated conversational

4 The case of persona chatbots bears some similarity in social experiences
Al applications like virtual friends or companions in that those interactions
are also expected to echo the sense of presence from another human being.
The distinction is that such applications are for entertainment and personal

Decision Support Systems 205 (2026) 114633

personas are a special use case for conversational interaction, there is
a scarcity of research on interaction challenges with these personas.
Therefore, we address a distinct form of interaction within conversa-
tional decision-making systems. The scarcity of research on interaction
processes between decision makers and conversational personas creates
a research gap for investigating the specific challenges that arise during
these interactions.

3. Overview of Survey2Persona
3.1. Persona generation procedure

This section presents a systematic approach to creating personas
using survey data (specifically, data about people obtained through a ques-
tionnaire) by leveraging LLM capabilities. Survey data is highly relevant
for persona generation, as the literature shows that surveys are the
most frequently used data type for persona creation [41]. Survey data
typically represents end-users’ opinions, attitudes, preferences, beliefs,
demographics, and other variables. The S2P methodology comprises
four main stages [3]:

Stage 1: Preparing the dataset. The survey items’ categories
are quantified to prepare the data for clustering (e.g., “Strongly
agree” = 5 or 7, depending on the number of unique values in
the scale)

Stage 2: Mapping question types. The pre-processing stage
transforms the dataset, allowing for topical classification, sen-
timent analysis, and LLM-based survey question grouping and
condensation.

Stage 3: Data preprocessing. The persona generation phase
employs clustering methods and a statistical test (Kruskal-Wallis)
for persona profile.

Stage 4: Persona generation. The final stage enriches the per-
sonas, turning them into completed representations of the real re-
spondent groups identified in the previous step. The personas can
be interacted with using either the static profile or the interactive
conversational interface (see Fig. 1).

Five LLM tasks are integrated into S2P:

» Task 1: Data mapping (used in Stage 1.) This task assigns
numerical values to responses on the Likert scale. This is a typical
task performed by human researchers converting Likert categories
(e.g., “Strongly agree”) to numbers (e.g., 5) to make the data
quantitatively analyzable. The mapping is done by identifying
unique category values and then asking the LLM to assign a
numerical value that corresponds to the ordinal structure of the
categories.

Task 2: Information grouping (used in Stage 2.) Survey ques-
tions are categorized into topics using the LLM. Grouping prevents
persona profiles from becoming overwhelming, especially ex-
tensive surveys. Grouping aims to provide clarity and structure
without losing important details.

Task 3: Topic identification (used in Stage 3). The LLM iden-
tifies potential topics or themes present in the open-ended re-
sponses of participants to the survey question. This is similar
to the qualitative analysis of open-ended survey data by human
researchers.

Task 4: Persona information write-up (used in Stage 4). The
LLM generates description texts for the persona based on survey
questions, responses, and their relative frequencies. The descrip-
tion texts provide contextual information for the user.

purposes, whereas the use case for personas is professional (work, productivity
tasks, “serious” decisions). Decision makers have jobs to be done (quickly and
efficiently) [34] in which personas act as instruments for accessing information
needed to form a realistic user perspective.
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» Task 5: Persona information labeling (used in Stage 4). This
task involves generating heading and description texts for per-
sona information. The LLM creates keyword-based headlines and
descriptions using the provided survey question texts and corre-
sponding response counts. The heading captures the behavioral
patterns in the responses; it also emphasizes the majority of
responses.

The performance of S2P on each task has been evaluated in prior
work [3], yielding satisfactory results. Technically, S2P leverages Ope-
nAI’'s GPT models via the Microsoft Azure platform.> At the time of the
study, we used the GPT-4 and GPT-3.5-turbo models, which provided
a balanced combination of quality, speed, and cost-effectiveness (these
models were later replaced by GPT-40 in our implementation; here we
report the case at the time of study completion). We used the ‘2023-03-
15-preview’ version of these models with a temperature setting of 0.7
(determined through manual experimentation). The GPT-4 model was
used for Tasks 3 and 4), which involve more complexity; other tasks
were completed by the GPT-3.5-turbo. We leave testing other LLMs
(e.g., LLama, Gemini, Claude) for future work.

We use S2P [3] in this study because it aligns with our research
objective of exploring Al-generated personas. S2P is a fully operational
DSS and integrated framework with standard persona profiles and
Al persona with conversational capabilities, both created from the
same underlying survey data. This combination makes S2P particularly
suitable for the comparative analysis required by our research. S2P’s
methodological pipeline combines clustering, LLM-based summariza-
tion, and retrieval augmented generation (RAG), facilitating empiri-
cally grounded Al persona responses that minimize hallucination. Also,
S2P’s interface design of both static and conversational personas allows
system end users to easily switch between static (i.e., profile) and
dynamic (i.e., AI) modes of persona interaction. Therefore, S2P is an
appropriate system for our research studying how decision makers
experience distinct persona modalities.

3.2. User interaction with the persona

Users select a persona to converse with. As the user sends messages,
S2P converts each message into a vector embedding and identifies
the most relevant survey items by comparing this embedding to pre-
computed survey item embeddings using cosine similarity. The system
then retrieves response frequencies for the most relevant survey items
and appends this data to the user’s message. A context is constructed,
including the system prompt, the augmented user message, and a
limited number of previous messages, also augmented with survey data.
This context is sent to an LLM, which generates a response assuming
the role of the persona. The response is then displayed to the user,
aiming to maintain the perception of interacting with a consistent
persona. Decision makers can thus interactively explore the collective
perspectives represented by the survey data, while the underlying
technical components ground the responses in the actual survey results
(see Fig. 2). The key design principle here is that the dialogue with
the Al-generated persona relies on data specifically extracted from
the persona’s information: the LLM does not “invent” or “hallucinate”
the answers, but rather formulates the statistical data into a fluent
conversation by taking on the persona’s role. This aligns with the
foundation of DSSs relying on real information about people.

4. Study design
4.1. Creating the Al-generated personas

S2P allows users to upload their survey data and seamlessly gen-
erate personas following the outlined methodology. To evaluate the

5 https://azure.microsoft.com/en-us/products/ai-services/openai-service
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approach and its implications for user interaction, we utilize a publicly
available dataset from the Pew Research Center (American Trends Panel
Wave 99: Artificial Intelligence (AI) and Human Enhancement®). The
dataset includes responses from 10,260 adults in the United States
between November 1 and 7, 2021. The survey has 55 questions about
people’s opinions on Al and human enhancement technologies. Ap-
plying S2P, the personas describe different respondent groups within
the surveyed population, in this case, reflecting people’s Al-related
attitudes.

4.2. On-site user study

4.2.1. Participants

The on-site user study was conducted at two research sites at a
major technology-focused university. Participants were recruited via
email (both group and individual). The study involved 56 participants.
The participants were predominantly researchers (n = 38, 67.9%) and
engineers (n = 9, 16.1%). The other participants included a mix of
professions: one lab coordinator, one security and health director, one
bioinformatics specialist, five undergraduate students, and one business
development manager (n = 9, 16.1%). The average age of participants
was 33.6 years (SD = 10.8). The sample was roughly evenly distributed
between male (n = 32, 57.1%) and female (n = 24, 42.9%) participants.
Most of the participants either had a conceptual understanding of
personas or had used personas before (n = 34, 60.7%), while the rest
(39.3%) had no prior knowledge of personas (however, all participants
were briefed on the concept of personas, as we explain in the following
subsection). Almost all participants had used Al chatbots (n = 48,
85.7%), while the remaining participants had a conceptual understand-
ing of Al chatbots. The fact that most participants had prior knowledge
or experience with personas indicates they could credibly engage with
persona-based decision-making regardless of their job title. Also, as
researchers and engineers working with technology, most participants
were knowledgeable about AI, and a couple of them even had Al-
focused startups, so the fictitious scenario (see the following subsection)
was compatible with their domain expertise. While our sample some-
what deviates from typical software engineering or management roles
specified in our task scenario, the participants nonetheless represent
technology-oriented decision makers who would likely be adopters
of Al-generated persona systems. Researchers and engineers generally
possess the analytical skills and technical literacy to credibly evaluate
Al-generated personas for decision-making purposes.

4.2.2. Procedure

Five study administrators took turns conducting the study sessions
in two separate study rooms that had an identical setup (the same set
of laptops, monitors, and control devices: Windows 11 laptop, two 24”
displays, keyboard, and external mouse).

First, the participants were briefed on the general study proce-
dure and asked to provide their consent to participate. Second, the
participants were inquired about their familiarity with the concept of
personas, and regardless of their answers, they were provided with an
operational definition to ensure that each participant understood the
concept of persona well enough to use personas for the task completion;
from our observations, we found no issues in this regard, but all
participants could grasp the persona concept as we intended. Third,
participants were presented with a work task scenario (WTS) requiring
them to interact with a persona. This WTS detailed a hypothetical sce-
nario in which participants were assigned the role of either a software
engineer or a manager at a company specializing in Al solutions.

The decision making task required the participants to interact with
the persona and then be asked to (a) describe the persona in their own

6 https://www.pewresearch.org/internet/dataset/american-trends-panel-
wave-99/
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Fig. 2. Al-generated persona chat in S2P. (1) The user writes a message to the persona. (2) S2P first identifies relevant survey items via semantic matching
between the user’s message and the survey items. Then it extracts the distribution of answers from respondents who belong to the persona. (3) S2P adds this
information to a (4) general description of the persona in the user’s message, which (5) it passes to an LLM, essentially instructing the LLM to respond to the
message based on the known information from the persona while maintaining the role of the persona. The (6) LLM does this, and the response message is relayed

back to the user in the chat UL

words based on the information that they obtained and (b) decide if the
persona would be a good target group for the company’s Al solutions.

Fourth, in the within-subjects design, each participant examined one
profile persona (Mark or Linda) and one conversational persona (Linda
or Mark, respectively). After examining the first persona (either chat
or profile, randomly assigned), the participant was guided to complete
a short survey about their persona perceptions and the WTS task.
The participant then examined the second persona with a different
interface than before (if the participant first used a profile, they then
used a chat, and vice versa), and completed the same survey. After
this, the participant was thanked and rewarded with a gift card with
a value of $30 USD. Using the survey think-aloud approach [42],
participants were asked to think aloud throughout the entire study
session, including while using the persona and completing the surveys.

Study sessions were recorded and transcribed. All transcripts were
merged into a single file, structured by participant and persona interac-
tion type (e.g., “P01-C” indicates Participant 1 using a conversational
persona). Also, all field notes from each administrator were merged into
one file.

4.2.3. Data analysis

Two researchers independently read and analyzed the transcripts
and collective field notes from sessions with 56 participants. Both re-
searchers were part of conducting the studies, including administering
the studies, giving analysts an in-depth understanding of the study topic
and the participants.

The analysis had four stages. Stage 1 involved independent coding
of the text material (transcripts and field notes) using a spreadsheet to
note down interaction challenges. The coding guidelines instructed the
researchers to identify interaction challenges, defined as any concerns,
problems, or issues participants expressed during their interaction with
the personas. The coding process involved extracting verbatim quotes
and assigning descriptive labels that characterized each problem at a
more abstract or general level, which corresponds to the open coding
technique [43]. The guidelines also allowed for noting interaction chal-
lenges with profile personas when they provided meaningful contrast
with conversational persona interactions.

After the independent coding, in Stage 2, the researchers presented
their findings in a meeting, which involved collaborative working with
the spreadsheet while forming a final taxonomy of the interaction
challenges that (a) captured the central elements of each researcher’s
coding and (b) contained minimal overlap between categories. Through
this collaborative coding effort, the researchers agreed on a set of

seven challenges with Al-generated conversational personas. So, in
this stage, the researchers collaboratively established a synthesis of
the interaction challenges (see online supplementary material for the
codes”). The process naturally involves a degree of subjectivity, because
meaning construction takes place in researchers’ minds; however, as
the researchers who coded also ran the user study sessions, we believe
we provide accurate descriptions of the real interaction challenges
participants faced.

In Stage 3, another round of reading was conducted by the more
senior researcher to find representative example passages in the tran-
scripts that either corroborated, contradicted, or complemented the cat-
egories in the taxonomy. This was done to provide further context
that could enrich the findings. The reading at this stage was based on
skimming the transcripts and did not yield significant modifications
to the list of interaction challenges or their contents. The process
was iterative and relied on the senior researcher’s judgment and their
formation of the “big picture” of the results.

After this, in Stage 4, the senior researcher wrote up the results,
using identified quotes and all moderators’ field notes as supporting
material. This part of the process refined the definitions of the chal-
lenges to articulate them more clearly; however, their content was
not significantly altered, and the meaning of each challenge remained
within the boundaries of what was commonly agreed upon by the re-
searchers. All co-authors provided feedback on the write-up, including
edits and comments; again, these actions did not alter the meaning of
the agreed upon list of challenges. Presumably, the editing stage drew
on the researchers’ pre-existing knowledge of human-Al interaction,
which all the research team members had.

5. Findings
5.1. Statistical findings on the usability of Al-generated personas

A survey was administered after a participant had used each per-
sona, asking the participant about usability, which assessed mental
effort required, ease of use, and clarity of the persona system; willingness
to use the persona, which measured preference for using the persona,
perceived utility, and impact on decision-making ability; enjoyment of
using the persona; as well as task difficulty and task confidence in the

7 https://osf.io/tsuwh/overview?view_only=28b0392af6b14d8a87e431e44
7241f7e
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Fig. 3. User perception differences between profile and conversational personas. The results imply these two formats for user representation are perceived
differently in decision-making tasks. The reader is encouraged to zoom in to improve the legibility of the figures.

accuracy of their responses. Regression was carried out using data
from 54 participants, excluding two male participants aged 55 and
38 who had missing responses to the survey questions. The results
reveal that the conversational personas were perceived as more usable
(B = —1.423, p <.001), enjoyable (B = —1.502, p <.001), and less
difficult to use (B = 1.778, p <.001). However, for task confidence (B
= —0.186, p = 0.157) or willingness to use (B = —0.350, p = 0.127),
there was no significant difference. Fig. 3 illustrates the differences.
Related work [44] provides additional statistical analyses of these vari-
ables, whereas the current work focuses specifically on the interaction
challenges posed by Al-generated personas.

Generally, participants preferred interaction with the conversational
persona (“It’s like ChatGPT, it makes my task easier” (P45); “This is
super freaking easy because I can very quickly find the answers I think.”
(P02)). The conversational persona was able to sustain meaningful con-
versations and the usability of conversational personas was perceived
higher. Thus, the conversational persona had certain advantages over
the profile persona, though these came at a cost, as discussed in the
following subsection. Our findings articulate that each interface had its
unique interaction challenges.

5.2. Interaction challenges in Al-generated conversational personas

Based on our analysis of the think-aloud transcripts and field
notes, following the procedure outlined in Section 4.2.3, we identify
challenges in user interaction (CUI) with the personas (see user quotes
mentioning the challenge in Table 2). We also interpret each challenge’s
connection using the principal-agent theory as a framework. The seven
CUIs are summarized as follows:

CUIO1 — Hidden Information: Determining the optimal amount
of information that conversational personas should reveal, as
users face a trade-off between having immediate access to com-
prehensive persona data versus needing to actively query for
specific information through conversation.

CUIO2 — Hidden Persona: Users feel disconnected from the
actual persona because the users perceive themselves as talking
to an intermediary or representative rather than directly to the
persona itself, creating an “invisible wall” that reduces social
presence and authenticity.

CUIO3 — Hidden UI: The minimalist conversational interface
lacks visual design elements like color-coding, highlighting, and
interactive components, making it harder for users to navigate
information and understand system affordances compared to tra-
ditional profile interfaces.

CUIO4 — Lack of AI Agency: Conversational personas appear
too neutral and passive, lacking strong opinions or the ability to
be influenced during conversation, which makes interactions feel
artificial and reduces the human-like qualities that make personas
effective.

CUIO5 — AI’s Selective Attention: Conversational personas
may misinterpret user queries, provide off-topic information,

or present inconsistent responses, leading to inefficient infor-
mation retrieval and potential confusion about the persona’s
characteristics.

CUI0O6 — Coping with Distributional Information: Presenting
within-group variability and statistical data in a way that main-
tains the persona’s human-like qualities while providing accurate
representations of the diversity within the user group the persona
represents.

CUIO7 — Conversational Cold Start: Users struggle to initi-
ate meaningful conversations with personas due to the lack of
guidance, context, or starting prompts, similar to facing a “blank
page” problem when they do not know what questions to ask.

5.2.1. CUIO1 — poor information, rich information...hidden information

The participants had mixed feelings about the presentation of in-
formation in the Al-generated personas. Some felt that conversational
personas lack complete information about end-users the conversational
personas represent (Quote[1.1]), especially relative to the profile per-
sona: (Quote[1.2]). The conversational interface encourages more ac-
tive engagement but requires greater cognitive effort, while the profile
interface allows for easier but potentially more superficial information
extraction.

Information design is an accessibility consideration (Quote[1.3]).
The conventional profile allows users to quickly scan and identify
relevant information without having to formulate specific queries. So,
even though one might think a conversational interface is fast, the
profile can be even faster, especially when forming an impression of
the persona as a whole, which is a crucial part of achieving a useful
mental model of the persona. In turn, conversation can be faster when
locating specific information about the persona. It appears that there is
a trade-off between Gestalt (an overall impression) and details (specific
information requests) when interacting with an Al-generated conversa-
tional persona (see Quote[1.4]). So, conversation is a more challenging
interaction technique to form a first impression of the persona. (As the
conversation with the persona progresses, the user can “catch up” on
the formation of the mental model.)

However, information from the conversational persona was eas-
ier to digest relative to persona profiles (Quote[1.5]). The profiles
contained relatively a lot of information, which made it difficult for
some participants to cope with: (Quote[1.6]); (Quote[1.7]). This ef-
fect of cognitive overload was not present in conversational personas,
although information retrieval from conversational personas required
more effort to initiate (in the form of thinking what to ask) and main-
tain (Quote[1.8]). When using the conversational persona, participants
need to apply laddering techniques to probe deeper into the persona’s
information, whereas the profile has the information readily available
(Quote[1.9]).

Another perspective is that hidden information is a benefit of the
conversational personas. Although the profile provides more informa-
tion for forming first impressions, it is constrained by its information
capacity; only relatively little can be included before it becomes clut-
tered and difficult to manage cognitively. In contrast, a conversational
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Table 2
Example quotes illustrating how participants experienced the challenges. Frequencies indicate how many participants faced the
challenge.

Quote # Quote

CUIO1 — Hidden Information (n = 23, 44.2%)

Q1.1 “(conversational persona) doesn’t give you the full idea” (P07)

Q1.2 “I think if I ask more, the first option (conversational persona) (would) present me all the details (...). The
(conversational persona) is good in interaction. I could ask more and all but the second one (profile
persona) just gave me the information. It’s easy to look at (...).” (P37)

Q1.3 “for (conversational persona), you need to have certain questions to ask it right. And only then you can get
all the data but (in profile persona) everything is already laid out so you can get a quick overview.” (P44)

Q1.4 “The profile was like the data. Yeah, it gave me a better understanding of what the person I was dealing
with like. There was other information that I realized I didn’t use. But in the back of my head, I think I did
process. So when I was answering the questions, I knew more about the person. Whereas with the chatbot it
was giving me information specific to that one question I ask.” (P39)

Q1.5 “This text here (profile persona) is a little bit difficult to read because it’s like not in the rows are quite
lengthy and then you have to scroll. (...) difficult to read this.” (P04)

Q1.6 “It’s difficult to find the answer (in the profile persona). We need to scroll either to scroll searching. I think
the searching is based on the topics or things.” (P10)

Q1.7 “It (profile persona) was like a data sheet” (P45)

Q1.8 “Actually I prefer in term of content, (I prefer) the (profile persona), but in terms of easy to use the

(conversational persona)...the (profile persona), I like the way it give me all the information because the
(conversational persona) it did not help make decisions. It gave me information, but it’s still I need to ask
more than one time and it does not give all the presentation.” (P37)

Q1.9 “I already have the information, I didn’t have to ask about it. It’s just all in front of me.” (P56)

CUIO2 — Hidden Persona (n = 33, 63.5%)

Q2.1 “I feel like, OK, there is this profile somewhere there. The real person is like somewhere hidden” (P04)
Q2.2 “I felt it was an algorithm, (it felt like) Linda is trying to answer for Linda.” (P48)

Q2.3 “I felt like, OK, this is 'm not actually talking to the persona.” (P04)

Q2.4 “She’s a robot - she cannot feel” (P18)

Q2.5 “...these are basic things that a robot would point out” (P45)

Q2.6 “(When using the conversational persona,) I felt like, OK, I'm talking to you about and the bot knows about

the persona, but the persona is somewhere like there in the distance, whereas in the profile, I actually felt a
closer connection with the profile because the profile was kind of like, 'OK, here is the persona’ and I can
see the information also the persona.” (P04)

Q2.7 “It feels like I'm talking to a wall or something, and the answer is it’s like...I wouldn’t feel a connection
with it. It just gave me basic, like straightforward answers. There’s no emotions, and the answers. There’s no
feelings, no tone.” (P50)

Q2.8 “[the fact that the persona says] ’as a persona, I think...” sounds robotic” (P20)

Q2.9 “Yeah, (...), every time it would answer a question they would answer it like saying like OK, like the people
in this group.” (P24)

Q2.10 “I didn’t feel like it was a person. I was talking to kind of a summary. It didn’t feel like a person, honestly.”
(P21)

Q2.11 “What I didn’t like about the chat thing is that a person is presented here with Linda and then, when she is

answering the question, she’s saying ’our Persona group is split’, so it doesn’t feel personal.” (P36)

CUI0O3 — Hidden Ul (n = 13, 25.0%)

Q3.1 “As I said, the sectioning was like so helpful. Definitely the percentage wise and the coloring wise, the
information about the persona was presented clearly.” (P35)

Q3.2 “I like the color coding in the survey, so it is strongly agrees it’s darker than the rest, so he disagrees or he
opposing it will be a lighter color. Or the higher percentage is darker than the lower percentage.” (P36)

Q3.3 “Even for accessibility, while looking I want to scroll up to see the whole (information), so I feel difficult
with the second interface (conversational persona), but the traditional one (profile persona) I felt more
comfortable because I can all the things, even the color used in the traditional one, which helped me to find
out the right answer.” (P43)

Q3.4 “I feel like maybe I should have asked more follow up questions or like I shouldn’t just have like copied and
pasted the questions I should have maybe like talked a bit more to get a better idea.” (P17)

(continued on next page)
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Table 2 (continued).
Quote # Quote
CUI04 — Lack of AI Agency (n = 25, 48.1%)

Q4.1 “I didn’t like feel like the persona was talking to me. I didn’t think the persona said that ‘I feel like this and
I think like this™ (P04)

Q4.2 “So in terms of answering the questions, chat was definitely easier [...]. But at the same time, it was
artificial the, the response it gave was very artificial.” (P29)

Q4.3 “Here we can see that 72% of group prioritizes a great decision of a quick decision when it comes through.
(...) So she cannot give an opinion, that’s for sure.” (P14)

Q4.4 “I mean, Linda actually does not identify herself within a certain category of people, because if I belong to
certain category, I have an opinion, right? Yes. And I would state out what is my opinion, right? Yeah. But
then here, she’s always on the neutral.” (P14)

Q4.5 “I see that Linda has does not have very strong personality and she’s not actually very courageous in giving
her opinion, even though it’s not a critical question [that I asked].” (P14)

Q4.6 “I think that’s like generally if you use just app, it’s often the case like it’s very neutral because you don’t
want to bias people’s decision after that. But this [conversational persona] is different, right? This is
supposed to be different. This is different, so you would like this to be more opinionated.” (P14)

Q4.7 “She needs to be opinionated somehow, right? She needs to have her own opinion somehow, right?” (P14)

Q4.8 “I mean I'm engaging in a conversation with someone with these pictures, right. And then based on the like
the back and forth, I mean I could decide whether we continue in this discussion and then we can go into
other topics and if we are aligned on the basics or not. —Ah yes, because you want kind of see if the
person is thinking like you or. —Yeah, not necessarily as me, but as I mean that our opinions construct each
other, ok? So they help building something better. —So the discussion is evolving and you might change
your opinion and they might change their opinion, right? She might convince me, right. And might. And I
might convince her.” (P14)

Q4.9 “So she’s, like, refusing her identity as a persona.” (P14)

CUIO5 — AI’s Selective Attention (n = 19, 36.5%)

Q5.1 “So there are some discrepancies here as well, which would say. The majority of the respondents in this
group do not find it acceptable, and the majority of the respondents, while it’s saying specifically 43% of
responders found this idea not acceptable, while 55% found it acceptable, so the majority should become
the ones which you know find it acceptable.” (P34)

Q5.2 “it’s giving me unrelated information” (P20)

Q5.3 “I notice a pattern. It’s always giving me additional information and it’s answering a different question.”
(P20)

Q5.4 “I didn’t ask for the distribution, but (...) but he noticed more. It’s more (than what I asked for).” (P10

Q5.5 “In a single person, all these contradictory sentences...” (P09)

Q5.6 “It’s weird. In the previous answer it didn’t mention this... it’s scary because uh, like you, you would trust it

very easily.” (P10)

Q5.7 “The previous question was interesting because the contradictions and whatever the data doesn’t make
sense. It’s actually what makes it human, because sometimes humans (...) might be having conflicting
[opinions], yeah.” (P07)

CUI06 — Confusing Distributional Information (n = 28, 53.8%)

Q6.1 “Now it just give me statistics. So when I see 81%, I'm intimidated” (P14)

Q6.2 Participant asked: “How do you feel about driverless vehicles?” Conversational persona responded: “As a
group, we are skeptical about the use of driverless vehicles. 59% believe that widespread use of driverless
passenger vehicles would be a bad idea for society and 81% of respondents would probably or definitely not
want to ride in a driverless passenger vehicle.”

Q6.3 “Gender 52% male? Is that persona changing gender?” (P20)

Q6.4 “So in terms of describing the persona, I cannot describe the persona because it’s a big persona group that
the chat is depending on to provide answers.” (P36)

Q6.5 “When there are these ‘somewhat agree’ [answers], it was kind of [confusing] like I had to ask it, ‘Are you
definite or are you probably [thinking this]’, yeah. And then the chat would tell me ‘I am definitive’ or...”
(P53)

Q6.6 “She’s born from survey data” (P18)

Q6.7 “The chat gave me not only the answer that was directly what the question related to, but also gave me a
bit more contextual information which made it much more natural.” (P40)

Q6.8 “I like the fact that Mark had all like it had all the numbers for each question. And it had a list like it had

like a range. So from no excitement to least excitement or sorry, no excitement to the most exciting
information or no information to opposing or against.” (P50)

CUIO7 — Conversational Cold Start (n = 8, 15.4%)

Q7.1 “I feel like if I get a general summary at the beginning about that Persona would be much better for me to
understand it before.” (P22)

Q7.2 “Maybe at the beginning have a virtual background (...) like, he said, ‘Hello, 'm your assistant’. Something
like this.” (P35)
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persona can retrieve any underlying information from the user data,
which affords more freedom of discovery, but some decision makers
may feel more anxiety due to the vast search space of possible infor-
mation to query. As such, the laddered information in conversational
personas poses both advantages and disadvantages. From the principal—
agent perspective, information asymmetry arises when the AI agent
(persona) controls access to comprehensive user data, forcing principals
(decision makers) to actively query rather than having transparent
access to all relevant information for their decisions.

5.2.2. CUIO2 — hidden persona (invisible wall)

A major hindrance to the conversational persona was the “invisible
wall” effect. This means that some participants felt they were talking
not to the persona, but to someone trying to describe what the persona
thinks. This led to frustrations in feeling that the real persona is
somewhere “hidden” behind the conversational persona (Quote[2.1];
Quote[2.2]). This can also be described as the problem of two entities,
in which the user feels like they are trying to reach one entity (the per-
sona) but instead reaching another (a “representative” of the persona).
The representative role creates an invisible wall between the user and
the persona, which, in some cases, results in an emotional disconnect
or difficulties in forming a mental model (Quote[2.3]; Quote[2.4];
Quote[2.5]).

Interestingly, these issues echo the “classic” challenge of chat-
bots appearing too robotic; this is interesting because LLMs do have
the linguistic flexibility to appear non-robotic; yet, this property has
not been properly obtained in the tested Al-generated conversational
personas. One participant provides a clear comparison of how this
effect can hinder user interaction relative to using the profile persona
(Quote[2.6]). Interestingly, the profile interface created a stronger
sense of presence in the persona, while the conversational interface
introduced a perceived distance. This was not expected, as social pres-
ence is a (theoretical) advantage of a chatbot (i.e., you are supposedly
talking to someone/something that is present!). This sentiment was also
mentioned by another participant (Quote[2.7]).

The perceptual challenges stem from the persona’s communication
style, which does not always come across as natural (Quote[2.8];
Quote[2.9]; Quote[2.10]). Another root cause of this behavior is that
the persona is trying to convey variation within the group (see
Quote[2.11]). There is a conflict between the user’s expectation of in-
teracting with an individual persona and the reality of interfacing with
an aggregate data representation, which relates to a trade-off between
precise communication (giving the user more precise information) and
user experience — it seems that in some cases, the higher precision
worsens the interaction.

As the participants were not familiar with the data to a level where
they could determine that the question is impossible to answer, the
setting poses a classical principal-agent problem in which the user
(principal) needs to trust the agent (Al-generated conversational per-
sona) to give the correct answers. As the agent is more knowledgeable
about the data, this setting involves a crucial degree of information
asymmetry, which might result in the user making wrong decisions
based on the information provided. From the principal-agent perspec-
tive, the representation chain creates a principal-agent problem where
decision makers cannot directly access the “real” persona but must rely
on an Al intermediary, leading to perceived disconnection and reduced
trust in the agent’s authentic representation.

5.2.3. CUIO3 — hidden UI (less navigability and control)

Similar to the information (and the persona) being perceived as
hidden (i.e., non-visible), the same is true of the UIl. Whereas the
profile persona incorporated interactive elements, the conversational
interface remains minimalist. This relates not only to buttons but also
to factors such as color, structure, and highlighting of information.
For example, these elements were found to be comparatively useful in
the profile persona interface (emphases added) (Quote[3.1]). Coloring
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in the profile helped participants identify more important information
(cf. information saliency) (Quote[3.2]). Similar comments were made
by another participant (Quote[3.3]). Visual elements in the persona
profile seemed to better support the participant’s cognitive processes
and information-seeking behaviors. A lot of the information conveyed
through design elements was missing from the conversational interface.
A key issue is that the lack of Ul elements leads to the user’s incomplete
perception of affordances, i.e., what the system can do or how it should
be used (see Quote[3.4]). In the absence of UI design elements to guide
the user, they may feel the interface does not sufficiently prompt or
afford more in-depth conversations. From the principal-agent perspec-
tive, the minimalist conversational interface limits the decision maker’s
ability to monitor and evaluate the Al agent’s performance, reducing
transparency and making it harder to detect when the agent fails to
provide optimal information presentation.

5.2.4. CUIO4 — lack of AI agency

Agency refers to an agent’s ability to act independently, make its
own choices, and exert influence over its environment. The lack of
agency manifested itself in two ways: Lack of Strong Opinions and
Immovable Persona. Overall, the lack of persona’s perceived agency can
lead to artificially-feeling conversations (Quote[4.1]). More broadly,
we observe an interesting trade-off between ease of use and perceived
authenticity in Al interactions (Quote[4.2]). Easy does not mean natural.

Regarding the lack of strong opinions, some participants would
have liked the persona to be more opinionated (see Quote[4.3]). In
these cases, the persona was perceived as too neutral (Quote[4.4]);
as someone who does not have a strong personality and is not very
courageous (Quote[4.5]). Interestingly, this goes back to the conversa-
tional persona being a special case of chatbots; the user understands
this and expects natural dialogue (Quote[4.6]). This neutral stance is
undoubtedly at least partly inherited from the underlying LLM whose
(human-programmed) safeguards tend to make it cautious and not
take a stand in any direction. This is somewhat limited when the
persona should represent people closer to extremes (e.g., in the political
spectrum — or in any domain, as people tend to have “fixations” one
way or the other — this makes them human (Quote[4.7]). Another part
of the issue is that a persona tends to represent the majority opinion,
which is problematic when we want to portray the whole range of
human attitudes.

Also, some participants were bothered by the fact that they could
not influence the persona during the conversation. When two people
interact, it is common for them to alter their views based on what the
other person says — there is persuasion, adopting one’s perspective,
developing it further, and, together, creating a shared perspective on a
topic. However, some participants felt that this does not take place with
the persona (Quote[4.8]). Instead, the persona had a set of fixed beliefs
(based on the data) that could not be changed. For some participants,
this reduced realism and hindered the perception of talking to another
person (Quote[4.9]). This problem of persona immovability is one inter-
action challenge with Al-generated conversational personas, though it
is unclear how fluid the persona’s attitudes should be, given that we
must truthfully represent the end-user data. On the other hand, a more
opinionated persona might help the decision maker change their views
(e.g., toward greater empathy, understanding, and compassion) when
the persona’s style would be more assertive. So, the (im)movability
can work in both directions. From the principal-agent perspective,
the Al agent’s overly neutral and passive behavior fails to meet the
principal’s expectation of receiving genuine user perspectives, creating
a misalignment between what decision makers need (i.e., authentic user
voices) and what the agent delivers (i.e., sanitized responses).
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5.2.5. CUIO5 — ai’s selective attention

One way in which the conversational persona exhibits agency is
by selecting the precise information to include in its messages to the
user. By the Al persona’s “‘selective attention” (parallel to how humans
have selective information processing behaviors), we refer to its ineffi-
ciencies in selecting or interpreting information about end-users. This
took place in two primary ways: (1) misinterpreting the data, and (2)
interpreting the data correctly but not in the way that the user wanted.
The actual cases of factual errors were rare. In general, the LLM could
interpret the survey response frequencies correctly; however, in some
cases, the system did make errors (Quote[5.1]).

Also, somewhat interestingly, it is possible that the persona gives
correct information but still misses the point in the participants’ in-
formation request by producing off-topic or inconsistent answers. The
former is related to the conversational persona that primarily gives
more information than requested (Quote[5.2]), sometimes being off-
topic (Quote[5.3]) and contrary to the participants’ expectations
(Quote[5.4]).

Inconsistencies were not common, but did emerge among some par-
ticipants (Quote[5.5]; Quote[5.6]). However, some participants were
keen to interpret the inconsistencies as natural traits of the persona
(Quote[5.7]). Although it is true that people sometimes behave (and
think) inconsistently, interpreting such inconsistencies as intended be-
havior by the LLM is problematic, since the system prompt was not
designed to introduce them. So, the fact that the user is using a persona
(of which they are aware) might yield a “false positive” impression
that the conversational persona is more realistic due to small glitches
that mimic human behavior. From a principal-agent perspective, the
Al agent’s misinterpretation or selective presentation of information
represents a classic agency problem, in which the agent’s informa-
tion processing priorities may not align with the principal’s actual
information needs.

5.2.6. CUI06 — confusing distributional information

Processing distributional information was challenging for many of
the participants (Quote[6.1]). Distributional information refers to the
variability within the persona, as it is an amalgamation of data from
different people (see Quote[6.2]). Within-group variability is character-
istic of personas: even though the end-users represented by the persona
are similar by some traits, they are not identical in most traits, and
they might, in fact, differ in some other traits. When communicating
this variability, users receive more nuanced information about the
persona (stereotyping and simplification are major threats to persona
application [45,46]). However, while sound in theory, in practice
distributional information caused confusion among the participants in
terms of persona attributes (Quote[6.3]), forming a clear mental model
of the persona as a person (Quote[6.4]), or having to interpret numbers
instead of just text (Quote[6.5]). Decision makers expect interacting
with a person, so when the persona references group-level data, this
expectation is not met (Quote[6.6]). Thus, distributional information
hinders the anthropomorphization of the persona.

Still, this issue is not as straightforward as removing the distribu-
tional information, because there were other participants who clearly
used it to make more informed conclusions about the persona. For
example, some participants used distributional information to avoid a
stereotypical view. Other participants preferred the added information
about the persona group (Quote[6.7]; (Quote[6.8]). Finally, there can
be patterns of genuine contradictions in end-user behavior and attitudes
regarding people’s “belonging” to the same persona. Distributional
information can reveal these, representing a greater range of user
information. It can, however, be cognitively taxing for decision makers
to process more detailed information, as we observed with some partic-
ipants. From the principal-agent perspective, the agent faces competing
demands to represent both individual persona authenticity (i.e., what
principals expect) and statistical accuracy (i.e., what the data contains),
creating an agency conflict between user experience and faithful data
representation.
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5.2.7. CUIO7 — conversational cold start

Interestingly, even though chat may be considered an “easy” in-
terface that requires little skill to get started and actively use, some
participants struggled with these activities (generally referred to as a
‘cold start’ or the ‘blank screen’ problem in computer science). This
aspect relates to the aforementioned issue of the “Hidden Information”
in the sense that some participants felt that they did not know the
basic information of the persona (Quote[7.1]). Some participants also
indicated that they could use “professional help” with prompting —
they did not perceive the conversational interface as difficult to use,
but they found it difficult to figure out what to type. Another way of
understanding this challenge is through the concept of “information
scent” [47], which postulates that users need cues to effectively use
and learn from the information provided in an interface. In the case
of profile personas, such cues are readily available, as the persona
information is visible. However, in the case of conversational personas,
the provision of an “information scent” precisely forms a problem,
because apart from the console (chat field), there tends to be little to no
information provided to the user to get started. Although we provided
a welcome message (“Howdy! I'm a persona shaped by survey data,
encapsulating the sentiments and viewpoints of the respondents in this group.
My responses are a blend of their shared thoughts and preferences. Feel free
to ask for further insights!”’), some participants found this inadequate
(Quote[7.2]). The role of the welcome message is important to clarify
what the conversational persona is about (transparency) and what one
can do with it (management of expectations). From the principal-agent
perspective, the lack of guidance creates an agency problem where
principals cannot effectively communicate their information needs to
the agent, leading to suboptimal delegation and underutilization of the
persona’s capabilities.

5.3. Frequency analysis

The transcripts were analyzed to determine how frequent each
challenge was. The frequency analysis was carried out in collaboration
with Google Gemini 2.5-Pro, which at the time of study (July 2025)
performed best among the ones we tested for this task (others tested
included GPT-4 and Claude-4). The prompt given to the LLM for step-
wise analysis can be seen in online supplementary material, along
with an example of the reasoning process applied by the Gemini 2.5-
Pro model. The model was provided with one-sentence definitions of
each challenge (also in the online supplementary material) and asked
to evaluate, for each participant and each challenge, if the challenge
existed in the given participant’s think-aloud transcriptions. The model
was asked to output a table indicating which challenges were present
for which participants, and to provide real quotes from the transcripts
as evidence of this presence. The lead author manually cross-checked
the quotes, assessing whether the model’s logic was sound and whether
the quotes identified actually matched the challenge’s definition. If a
quote was not found in the transcripts, the lead author reuploaded the
transcripts and asked the model to resume from the point where it had
started hallucinating. Consequently, each coded instance (that is, pairs
of challenge-participant that were found to be present) was manually
checked by the lead author for accuracy (that is, presence of logical
consistency and absence of hallucination).

Fig. 4(a) shows the frequency of the challenges (see the online
supplementary material for the coding per participant). In the case
of four participants (P16, P27, P32, and P46), no challenges were
observed. Among the 52 participants with observed challenges, CUI02
(Hidden Persona) emerged as the most prevalent challenge with 33
occurrences (63.5.% of the participants), indicating that the feeling
of talking to an intermediary rather than directly to the persona was
experienced by the majority of users. CUIO6 (Coping with Distribu-
tional Information) was the second most frequent challenge with 28
occurrences (53.8%), suggesting that presenting group variability while
maintaining persona authenticity proved difficult for more than half
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Fig. 4. Frequency and co-occurrence of persona chat interaction challenges. The reader is encouraged to zoom in for better legibility.

of the participants. CUIO4 (Lack of AI Agency) and CUIO1 (Hidden
Information) showed moderate frequency at 25 (48.1%) and 23 occur-
rences (44.2%), respectively, indicating that issues with passive persona
behavior and the limited information visibility affected slightly less
than half of the participants. CUIO5 (AI’s Selective Attention) appeared
less frequently with 19 occurrences (36.5%), while CUIO3 (Hidden
UI) was experienced by fewer participants with 13 occurrences (25%),
suggesting that conversational attention failures and the lack of visual
interface elements were less common concerns. CUIO7 (Conversational
Cold Start) was the least frequent challenge with only 8 occurrences
(15.4%), indicating that most users were able to initiate conversations
despite the open-ended nature of the conversational interface, though
this challenge still affected a meaningful subset of participants.

We also computed how many times each challenge co-occurred with
another challenge (see Fig. 4(b)). In the following, we interpret the co-
occurrences that took place more than 10 times (i.e., represent the most
frequent co-occurrences; the cutoff value of 10 was determined by man-
ually examining the frequency distribution). For each co-occurrence,
we provide a reasonable explanation of the logical connection between
the challenges and, because this connection is partially speculative, we
also articulate how future work should examine it.

First, the frequent co-occurrence (n = 20) of CUIO2 (Hidden Per-
sona) and CUIO4 (Lack of Al Agency) suggests that when users perceive
an intermediary barrier between themselves and the persona, this
disconnect is exacerbated by the persona’s passive, opinion-less nature,
creating a compounding effect where both the sense of talking to
a representative rather than the actual persona and the AI's neutral
responses reinforce each other to create an overall artificial interaction
experience. Future research should investigate whether improving Al
agency through stronger opinions and more dynamic responses could help
break through the perceived intermediary barrier and establish more direct
persona connections.

Second, the co-occurrence (n = 18) of CUIO2 (Hidden Persona)
and CUIO6 (Coping with Distributional Information) likely stems from
the challenge that when personas must represent statistical variability
within groups, this mathematical complexity further distances users
from feeling they are interacting with a coherent individual rather than
a system processing data. Research should explore whether developing
more sophisticated narrative techniques for presenting group variability can
maintain both statistical accuracy and individual persona authenticity.

Third, CUIO1 (Hidden Information) and CUIO2 (Hidden Persona)
co-occur (n = 15) perhaps because information opacity compounds
the intermediary problem — when users cannot easily access persona
details and simultaneously feel disconnected from the actual persona,
both barriers create distance and reduce engagement. Studies should
examine whether exposing more information about the conversational
persona (e.g., a backstory) can simultaneously improve the sense of direct
persona connection.

Fourth, the co-occurrence (n = 14) of CUIO4 (Lack of Al Agency)
and CUIO6 (Coping with Distributional Information) suggests that when
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personas must represent group statistics, they may default to neu-
tral, noncommittal responses to avoid misrepresenting the diversity
within their represented group, thus appearing passive and opinion-
less. Research should investigate methods for personas to express stronger
viewpoints while appropriately contextualizing their position within broader
group distributions.

Fifth, CUIO1 (Hidden Information) and CUIO4 (Lack of Al Agency)
may co-occur (n = 13) because the interaction setting in which users
must actively query for specific persona details instead of having imme-
diate access requires the persona to wait passively for direct questions
instead of proactively sharing opinions or taking conversational ini-
tiative, thus appearing neutral and non-committal even when they
possess rich information. Future work should explore whether personas
can be designed to volunteer relevant information proactively during the
conversation flow, rather than waiting for explicit queries from the user.

Sixth, the co-occurrence (n = 12) of CUIO5 (AI’s Selective Attention)
and CUIO6 (Coping with Distributional Information) implies that the
complexity of representing group variability may lead to misinterpre-
tations and off-topic responses when confounding individual persona
characteristics with statistical group data. Future work should explore
whether personas can be designed to express uncertainty and partial
knowledge in more engaging, human-like ways.

Finally, CUIO2 (Hidden Persona) and CUIO5 (AI’s Selective Atten-
tion) can co-occur (n = 11) because when users already feel discon-
nected from the persona, inconsistent responses further reinforce the
sense that they are interacting with a system rather than an individual.
Studies should examine whether improving conversational consistency
can help establish a stronger persona presence and reduce the intermediary

effect.
6. Discussion and implications
6.1. Theoretical implications

As a contribution of this work, we identify seven interaction chal-
lenges faced by on-site user study participants when interacting with
Al-generated conversational personas, and conceptualize them as in-
stances of representational decision-support technology, in which de-
cision makers query information about target users based on persona
“surrogates” that represent these target users. Our identification of
interaction challenges builds on the foundational work on Al-generated
personas [17,29,31], but presents the first analysis of the difficulties
of interacting with Al-generated conversational personas. Although
empirical investigations have demonstrated the technical feasibility
of Al-generated personas [2,17,48], the theoretical understanding of
human-AI interaction processes within conversational persona systems
remains underdeveloped, particularly with respect to representational
friction that influences how decision makers learn about users’ needs.

Conceptually, we observe that end-user representation is an agency
problem in itself — the end-user (or group of them) is represented
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Fig. 5. Interaction challenges in persona-based DSSs are more complex because the persona layer is further represented by AI technologies.

by someone or something else. Whereas a persona serves as a stand-
in for real end-users during the design process, in the case of Al-
generated conversational personas, the persona is now represented by
another actor, the LLM. In addition, this representation occurs within
a constrained UI with hidden or opaque elements. So, the “chain of
representation” in conversational personas goes from users represented
by personas that, in turn, are represented by LLMs in a specific interface
(see Fig. 5).

Each link in the representation chain poses a potential challenge for
the eventual user interaction with the persona: the segmentation pro-
cess that divides end-users to groups simplifies a population (CUIO1).
Creating persona descriptions from the segment (write-up, enrichment)
involves interpretation trade-offs that occur regardless of who or what
the creator is [49]. The LLM’s interpretation of the persona descrip-
tions, in turn, is strongly influenced by the applied prompt (CUIO2,
CUIO4) and, of course, the opaque way in which the LLM operates
(e.g., selective attention, CUIO5). Finally, the conversational interface
imposes constraints that limit the communication of the information
(presenting distributional information, CUI06) and affordances (actions
users can take, CUI0O3), as well as requiring decision makers to put more
cognitive effort into initiating the information retrieval (CUI07).

Our theoretical contribution, therefore, concerns reconceptualizing
conversational Al interactions when Al technology serves as a rep-
resentative agent for the persona rather than a direct provider of
information. Unlike general-purpose chatbots (e.g., ChatGPT), conver-
sational personas involve a three-way relationship (decision maker, Al
agent, represented users) instead of the more common perspective of
two-way interaction (user, Al system), which yields interaction chal-
lenges absent in general conversational Al, because general-purpose
Al agents do not represent real groups of people. By conjecture, this
implies that even though the core technology is the same (and thus
some interaction challenges would overlap), Al-generated conversa-
tional personas can face “old” interaction challenges in new ways or
new challenges altogether.

Previous studies tend to examine the interaction challenges of con-
versational technologies as direct interaction with conversational sys-
tems and their users, without investigating how conversational systems
represent real users. For example, in their 2018 article, Brandtzaeg and
Folstad [34] mention many interaction challenges faced by conversa-
tional agents at the time. These include (1) balancing human vs. robot
qualities, (2) unpredictable user input, (3) determining valid responses,
(4) vulnerability to manipulation, (5) managing user expectations, (6)
inadequate user and context models, and (7) designing for open-ended
conversations. Given our findings, we observe that many of these
remain topical for Al-generated conversational personas. As evidenced
by CUIO2, there is a need to avoid robotic qualities in persona design,
because perception of the persona as robotic was associated with worse
user experience. As another case in point, lack of agency (CUIO4)
appears to conceptually overlap with inadequate user and context
models (i.e., chatbots lacking understanding of who they are talking to
and why [34]); adapting the conversational persona to its interaction
context is quite not there yet.

However, due to the general technical quality of foundational LLMs,
other problems seem to have reduced in appearance. Specifically, un-
predictable user inputs do not appear to be an issue for Al-generated
conversational personas, neither determining valid responses, or being
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vulnerable to manipulation (they maintain their role well; even too
well according to the participants that wanted the persona to change
its opinion). In contrast, designing for open-ended conversations and
managing user expectations seem to be borderline cases; the technical
fluency of Al-generated conversational personas in handling open-
ended queries is good, but representational conflicts can still emerge
in which the user is not satisfied concerning how the persona refers to
itself, conveys information, or establishes a social connection with the
user.

More importantly, previous literature does not examine the spe-
cific representational dilemmas of Al-generated conversational per-
sonas, missing a dedicated analysis of various challenges associated
with this type of decision-making technology, such as presenting dis-
tributional information (CUIO6) and the selective attention problem
(CUIO5). Again, we postulate that studies on this topic could bene-
fit from conceptualizing interaction with Al-generated conversational
personas as a three-way relationship (decision maker, Al agent, rep-
resented users), because this helps identify and understand distinct
interaction challenges absent in general two-way human-AI (or user-
persona) interaction.

Interestingly, there are some challenges often mentioned in LLM
chatbots that we did not find. That is, the participants tended to
have trusting beliefs even though the persona development process
was not explained in detail (i.e., there was low transparency). There
were no notable concerns about hallucination among the participants
(i.e., the persona inventing information), which is surprising given the
notoriety of the hallucination problem [50]. However, in our case, low
hallucination suspicions actually make sense because, as explained in
the methodology, S2P is grounded in the end-user information through
the implementation of the RAG. Trusting beliefs can also arise because
decision makers tend to trust data-driven personas [2,17].

From a DSS theory perspective, the conversational persona can be
seen as a decision-making mediator that transforms statistical data into
natural conversation creates what we term a “representation chain” —
from end-users to survey data to an LLM to conversational interface
and, finally, to the decision maker. While this matches the definition
of a DSS, the conversational and representative nature of Al-generated
conversational personas produces interaction challenges that blend so-
cial, psychological, and informational aspects. Consequently, the design
of such DSSs becomes more intertwined with interaction design and
adjacent fields like UCD; that is, how to orchestrate the interaction so
that the decision makers extract the maximum value (with minimal
distractions) out of it. As aptly put by Chaves and Gerosa [51]“making
a conversational agent acceptable to users is primarily a social, not only
technical, problem” (p. 729).

6.2. Practical implications

Table 3 summarizes the challenges as questions for developers
of conversational persona DSSs, and proposes preliminary ideas for
addressing them. We also reviewed the think-aloud transcript in an
ad-hoc manner to determine whether participants themselves provided
solution ideas; though this was beyond the direct scope of our work, we
investigated this possibility to provide the reader a fuller picture. This
ad-hoc analysis yielded a few interesting ideas that we share here: (1)
providing recommended questions to ask the persona (“I think it would
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Design ideas to tackle conversational persona challenges.
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Challenge Design Ideas (DIs)

CUI01

DIO1 : Add a concise “profile card” of key persona information at the start of the

conversational interaction; DIO2 : Configure progressive information disclosure over the course

of the interaction

CUI102

DIO3 : Apply first-person narrative with personal anecdotes and examples; DI04 : Add realistic

emotional reactions and personal stakes in responses

CUI03

DIO5 : Provide contextual action buttons and quick-reply options; DIO6 : Implement dynamic

background colors increasing the saliency of specific information

CUI04

DIO7 : Consider opinionated responses when they correspond with clear tendency in the data;

DIO8 : Configure an ability to change stance based on conversation (but clearly indicating

when it might deviate from data); DIO9 : Configure proactive questioning and challenging user
assumptions when they differ with the persona’s mental model

CUIO0S
persona responses

DI10 : Implement query clarification before responding;

DI11 : Add confidence indicators for

CUI06

DI12 : Present within-group variability using primarily qualitative descriptions (e.g. “most

people in this group...”) with the option to view exact percentages if requested; DI13 : Switch

between individual and group perspectives; DI14 : Apply uncertainty expressions when

representing diverse views

CUI107

DI15 : Configure conversation starter suggestions with preview outcomes; DI16 : Provide

example question templates for common use cases

be nice if a survey to persona our system could help people who come
up with questions to formulate them to make them clearer, clearer
or simpler.” (P20)), (2) the persona providing understanding checks
(“Yeah, it could have (...) asked more questions like, does that answer
your questions? Do you (...) need any more clarifications? What do you
mean? I mean that lacks in the persona.” (P37)), and (3) offering a
multi-persona setup (“Imagine talking to multiple personas at the same
time. (...) So you can ask them, for example, would AI affect or (...)
Would this certain aspects improve your job opportunities? And then
let’s say based on their educational background based on their ethnic
background, they might say they, yeah, (...) my group of people, they
don’t get jobs easily because of ‘ABC’ ” (P20)). These suggestions offer
ideas for tackling interaction challenges in the further development of
persona-based DSSs, an endeavor that requires experimentation that
goes beyond the scope of the current work.

6.3. Limitations and future research directions

Regarding limitations, first, our study used an extensive dataset
comprising 55 survey items and more than 10K respondents, which
affects the amount of information that the personas can convey. Fu-
ture work could compare Al-generated personas from high-information
datasets with those from low- (i.e., fewer survey items and responses)
and high-information datasets, as information complexity seems to
affect interaction with Al-generated personas.

Second, while our participant pool consisted primarily of resear-
chers and engineers, this composition aligned with our research focus
on technology-oriented decision makers who are likely to be early
adopters of Al-generated persona systems. However, this specialized
sample limits the generalizability of our findings to other organizational
contexts where personas are used, such as marketing, product manage-
ment, or user experience design. Future studies should examine how
different professional roles (e.g., marketing managers, product man-
agers, designers) experience these interaction challenges, as decision-
making priorities and information processing patterns may vary across
organizational contexts.

Third, as noted in previous research, LLMs pose risks and lim-
itations for persona design and conversational DSSs [30,32,48,52].
Personas generated by AI may inherit biases from the source data,
also when using RAG. However, bias is also an issue in traditional
persona creation, as data sets in qualitative studies lack statistical
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representativeness [6,28] and persona creation using manual analysis
can involve various forms of stereotyping, prejudice, and bias [53].
Notably, Al-generated personas inherit any problems and biases from
their source data and/or the Al’s interpretation of it. This implies that,
for responsible deployment, (a) decision makers should receive training
on the limitations of conversational persona systems; (b) organizations
should maintain human oversight of critical decisions based on infor-
mation and interpretations conveyed by LLMs, and (c) ethical audits
should assess the risks of these systems.

Fourth, our methodological approach presents several limitations
that warrant discussion. The within-subjects design is useful for ad-
justing for individual differences, but it may also introduce learning
effects, such that participants who first interacted with the profile
interface might have transferred this knowledge to their chat inter-
actions, potentially affecting their information-seeking behavior. For
example, P41’s observation that “the first option (conversational per-
sona) (would) present me all the details” suggests an awareness of
available information from prior exposure to the profile interface.

The think-aloud protocol has the advantage of allowing commu-
nication about important cognitive processes, but it can also alter
natural interaction patterns with the system. Some participants, par-
ticularly those less comfortable with verbal articulation, might have
modified their typical decision-making approach. Future studies could
complement think-aloud data with other observational methods, such
as eye-tracking, to capture decision-making behaviors that participants
may not verbalize. This could also involve analyzing user chats to
identify traces of interaction challenges.

Finally, not all users face them the same way or even consider them
a challenge. For example, some users find the distributional information
conveyed by the conversational persona easy to understand, while
others find it confusing. Some users were expressing anxiety about
having to deal with an empty input field in the conversational interface,
while others found it a good starting point. Therefore, future work
should test the relationship between these interaction challenges and
user features, such as interaction preferences, experience, job role,
and AI proficiency. In addition, principal-agent relationships can vary
in different cultural and organizational contexts. Future work could
therefore study (1) how cultural differences in authority and delega-
tion affect persona interactions, (2) how agency expectations differ
between domains (e.g., healthcare vs. marketing vs. policy), (3) how
professional norms and regulations affect optimal persona design, and



J. Salminen et al.

(4) how personas should adapt to different decision-making styles and
preferences.

Furthermore, the conceptual linkage with the principal-agent the-
ory is useful for proposing solution ideas to test in future work. In
particular, the following research directions (RDs) could be pursued to
experiment with ways to mitigate the challenges:

RDO1: Alignment mechanisms and incentive design. Prompting
the LLM that guides the persona could be done in a way that aligns
the persona’s behavior with decision-maker (principal) interests. This
would require an understanding of the decision maker’s goals, which
could be obtained, e.g., by explicitly asking the decision maker to
state their goals before interacting with the persona. More technically
elaborate solutions could involve design reward functions that optimize
for decision-maker outcomes. These reward functions aim to create (an
artificial yet functional) sense of having “skin in the game,” in which
the persona’s representation of a user group is tied to decision outcomes
that benefit that user group. Given the generally observed sycophancy
in LLM behavior [54], Al-generated conversational personas could in
theory be prompted to be supportive of decision-making tasks; while in
economic agency theory, researchers utilize the concept of rationality
to design incentive structures, LLMs are not rational actors in the same
sense as humans and therefore prompting is seen as the mechanism for
alignment between human and LLM objectives (computational research
refers to this as ‘value alignment’ [55]).

RDO02: Information asymmetry mitigation. This directions deals
with creating transparent persona DSSs that reduce the knowledge
gap between Al-generated personas and human principals. For exam-
ple, these systems could expose the persona’s confidence levels and
data limitations more saliently, including providing “side information”
about how the persona’s responses are generated and what information
they rely on, and standardized “information cards” that reveal what
data the persona can and cannot access. In principle, information
asymmetry mitigation efforts align with the computational research
community’s goal of designing explainable and transparent Al systems.

RDO03: Dynamic agency and adaptive representation. Conversa-
tional personas could adapt their user representation strategies based
on decision makers’ needs and improve representation over time based
on decision maker feedback. Representation adaptation should also
take place by detecting and correcting agency problems in persona
interactions, e.g., by using Al agents to cross check each other’s repre-
sentations and flagging potential representation failures, such as when
personas are misrepresenting underlying data, toward addressing the
question of “What monitoring mechanisms best detect Al agency fail-
ures?”. This can also include investigating how conversational personas
should handle conflicting signals from the same decision maker because
people, not only Al, can be fickle.
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