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Abstract

As generative Al (GenAl) is increasingly applied in persona devel-
opment to represent real users, understanding the implications and
limitations of this technology is essential for establishing robust
practices. This scoping review analyzes how 81 articles (2022-2025)
use GenAl techniques for the creation, evaluation, and application
of personas. The articles exhibited good level of reproducibility,
with 61% of articles sharing resources (personas, code, or datasets).
Furthermore, conversational persona interfaces are increasingly
provided alongside traditional profiles. However, nearly half (45%)
of the articles lack evaluation, and the majority (86%) use only GPT
models. In some articles, GenAl use creates a risk of circularity, in
which the same GenAI model both generates and evaluates out-
puts. Our findings also suggest that GenAl seems to reduce the
role of human developers in the persona-creation process. To miti-
gate the associated risks, we propose actionable guidelines for the
responsible integration of GenAl into persona development.

CCS Concepts

« Human-centered computing — HCI theory, concepts and
models; User models.
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1 Introduction

User personas (‘personas’ for short) are fictitious characters rep-
resenting archetypal real users of a system, product, or service
presented in a humanized form [25]. Since their introduction into
human-computer interaction (HCI), personas have been adopted to
support user-centered design (UCD) in domains such as software de-
velopment [1, 3, 12], design [20, 29, 70], and healthcare [36, 43, 44].
Personas help system designers focus on user needs throughout
the design process by providing empathetic and memorable rep-
resentations of core user segments [112]. As such, personas are a
critical component of HCI research, user experience (UX) studies,
and UCD of systems and technology.

Persona development methods were originally based on qual-
itative data collection with manual analysis, which can be time-
consuming, resource-intensive, and prone to staling [117]. How-
ever, generative artificial intelligence (GenAl), particularly large
language models (LLMs), creates opportunities for automating per-
sona development [45, 55, 129]. Automatic persona development
is the ability to generate personas without (or minimal) human
involvement and can overcome the challenges of manual persona
development. This is why GenAl is being researched to support
persona development. These GenAl technologies can be applied to
various stages of persona development, and the personas created by
such a process are called GenAlI personas, which will be the focus
of this study (see Figure 1 for examples).

Although various articles have applied GenAl in persona devel-
opment [55, 119, 126, 129], there is limited systematic synthesis
of how GenAlI technologies are applied in persona development
practices. This lack of knowledge raises serious questions for the
HCI community regarding the use of GenAlI for persona creation.

Moreover, the application of GenAlI in persona development
suffers from a lack of standardization and best practices, there is
yet no clear consensus on optimal approaches. The application of
GenAl in persona development is currently uncharted territory,
making it difficult for persona developers to make informed deci-
sions about adopting GenAlI technologies. The evolution of GenAl
technologies has also increased the challenges faced by persona
developers, as discussed in detail by Amin et al. [2]. Similar to
the development of data-driven personas (see a review [117]), we
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Figure 1: Examples of GenAl personas. The persona in (a)
is generated by Survey2Persona [55], (b) is generated by
Persona-L [134]. These systems illustrate that LLMs are in-
creasingly used for generating persona profiles, but also to
afford decision-makers access to dialogue with the personas.
The figures are annotated to explain different components
of GenAl personas. The reader is encouraged to zoom in for
better readability.

can observe varying methodological choices and technical imple-
mentations. These choices involve a variety of factors, such as the
selection of LLM family (e.g., GPT or Claude or Llama), versions
of LLMs (e.g., GPT 3.5 or GPT 4.0), hyperparameters (i.e., parame-
ters that impact the behavior of the model [49]), and prompts (i.e.,
instructions given to the LLM to perform certain tasks). Although
researchers have suggested guidelines for persona development in
general [25, 48, 51, 98, 113], how researchers specifically use
GenAl in persona development remains unclear.

Another domain that is prone to challenges is the evaluation of
GenAl personas. Traditional persona validation methods generally
focused on user perceptions of personas [52, 121], but GenAlI per-
sonas require additional consideration of factors, such as output
consistency, prevention of hallucinations (the ability of LLMs to
fabricate information), and prompt reliability [69, 123]. Moreover,
integrating GenAl raises questions about evaluating the quality
of GenAl-crafted versus human-crafted personas [2]. Evaluation
approaches vary widely, from automated metrics to user studies,
without a clear understanding of how researchers validate
and evaluate GenAl personas.

The ethical aspects of using GenAlI technologies may extend
beyond traditional concerns about persona development. Though
prior work has addressed issues of stereotyping and representation
in personas [37, 38, 138], it appears that GenAI amplifies certain
challenges, such as algorithmic bias, data privacy, and transparency
[2, 41, 47, 111]. These challenges may become particularly acute
as personas represent diverse user groups and influence design
decisions that affect these populations, prompting the need to
understand how researchers factor in ethical concerns when
using GenAl in persona development.

Against the backdrop of these research challenges, we put forth
three research questions (RQs):

e RQ1: How are GenAlI technologies used in persona develop-
ment?
e RQ2: How are GenAl personas evaluated?
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o RQ3: What ethical considerations are associated with GenAl
personas?

Building on persona research in HCI [112, 117] and following
guidelines for literature reviews in the HCI field [66], this scoping
review analyzes 81 articles published between 2022 and 2025 on the
application of GenAl for persona development. A scoping review
generally maps the current scope, key concepts, and knowledge
gaps [6], and is suitable for studying GenAlI personas given this do-
main’s rapidly evolving nature. To this end, we identify trends, gaps,
and opportunities, and we provide recommendations to practition-
ers concerning the integration of GenAl into persona development
workflows. Considering the proliferation of GenAlI tools and their
application in user research and design processes, this work ad-
dresses a timely and relevant topic for the HCI community.

2 Previous Reviews and Research Gap

In UX/HCI practice, personas serve as shared reference points that
help designers empathize with users and make decisions aligned
with user needs [112]. Persona development traditionally involves
collecting user data through research methods (interviews, surveys,
analytics), identifying distinct user segments through analysis, and
crafting humanized narrative profiles that represent these segments
[25, 117]. At first glance, GenAl appears to strengthen automatic
persona generation by exhibiting capability in most of these above-
mentioned tasks. Automatic persona development has existed in the
HCI domain for more than a decade [54, 56, 88]. However, the limi-
tations of automated personas have been apparent, especially when
analyzing text records of users and writing up persona narratives
[118], which is a key activity in many persona creation approaches
[97]. Algorithms and models prior to LLMs struggled with inter-
pretive tasks, such as writing persona narratives or labeling user
segments [51], which has limited the potential for automatic per-
sona generation, as extensive manual interventions were required
in conjunction with data science methodologies [50, 88].

Due to the limited interpretative capabilities of previous Al mod-
els, researchers have applied rule-based systems, such as dynamic
templates with predefined fields for dynamically inserted informa-
tion [98]. In contrast, LLMs’ interpretative capabilities offer possible
solutions to the major challenges of contextually interpreting and
summarizing textual data about people [55]. However, questions
remain and the best practices of LLMs in persona development
remain unknown, including the ideal techniques and processes to
follow [119].

There are also practical hurdles; for example, there is no clear
concept of human-AI collaboration in persona development, even
though researchers seem to agree on the need to maintain “human
in the loop” instead of forfeiting all decision-making to GenAI [129].
Interestingly, human in the loop is a feat that is also considered
valuable in persona theory, such that involving stakeholders that
are intended to use the personas in the persona creation process
supports the development of favorable attitudes toward the per-
sona technique [31, 95]. Additionally, it is not evident how well
HCI researchers are aware of the risks and challenges associated
with implementing this GenAlI for developing personas, including
ethical concerns such as reinforcing existing systemic biases or
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marginalizing underrepresented groups when lacking real data on
cultural contexts [2].

These lingering concerns call for a literature review that inves-
tigates existing practices, methodologies, and emerging patterns
in GenAl persona development. To this end, reviews of persona
research have addressed quantitative personas [116], data-driven
personas [117], personas for social impact [39], and persona design
applications [122], among other areas. Although these reviews pro-
vide valuable insights into persona development methods, they do
not specifically address the integration of GenAl technologies into
persona development. We will discuss in Section 5 how our findings
are positioned in the continuum of persona research, specifically in
conjunction with previous reviews. Given the growing adoption of
GenAl in persona development [23, 47, 111, 119, 129, 134], a scoping
review of this emerging approach is needed and thus presented.

3 Methodology

Following previous work in HCI [15, 100, 141] that deals with the
ramifications of novel technologies, we opted for a scoping review
to address our RQs. Scoping reviews map the breadth of research
in emerging areas, identify key concepts, and examine how re-
search is conducted [6, 71]. We conducted a literature search in
five academic databases: (1) ACM Digital Library (ACMDL), (2) IEEE
Xplore, (3) Web of Science (WoS), (4) Scopus, and (5) arXiv. The search
focused on identifying articles at the intersection of GenAl and
persona development. Our methodology consisted of (1) query de-
velopment and search execution, (2) screening of articles based on
inclusion/exclusion criteria, (3) backward and forward snowball
sampling, (4) quality assessment, and (5) data extraction and syn-
thesis. The search process began with developing keyword groups
related to GenAl and persona development, involving iterations of
query refinement and implementing database-specific adaptations.
Through screening, we identified 90 relevant articles of the 885
total found in the databases. Additional snowball sampling yielded
27 potentially relevant articles. Three additional articles from snow-
balling met our inclusion criteria, resulting in a final corpus of 93
articles, of which 12 (12.3%) were excluded in the detailed screening,
leaving a total of 81 (9.15%) articles included in the corpus. The de-
tails of the search strategy, the screening process, and the analysis
are described in the following subsections.

3.1 Search Query Creation

The creation of the search query focused on identifying relevant
articles at the intersection of GenAl and persona development, with
terms from both domains (see Table A1 in the online appendix).
These terms were selected from prominent articles in the field, per-
sonal domain expertise, and LLM suggestions (Claude, ChatGPT,
Llama). All searches were performed in the title, abstract, and
author keywords fields in all databases. We searched all articles
until August 25, 2025. Initial searches revealed a high false pos-
itive rate when using wildcard operators (e.g., “persona*”), with
unrelated terms such as “personality analysis”. We used phrase
matching with exact terms instead (i.e., including “persona” and
“personas” in the query explicitly).

The search strings required database-specific adaptations to ac-
commodate varying syntax requirements and technical limitations.
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For ACMDL, we used the independent field tags for different items
(i.e., [Abstract:] field tag for abstract, [Title:] field tag for
title, and [Keyword:] field tag for keywords). For IEEE Xplore,
we searched the title, abstract, and keywords fields using the A1l
Metadata field. For Scopus, we covered title, abstract, and keywords
using the TITLE-ABS-KEY field specification. For WoS, we used the
Topic (TS) field, which includes title, abstract, and keywords.
Scopus required proximity operators (W/5), while Web of Science
needed simplified syntax for compatibility.

The exact search string used across databases with database-
specific syntax adaptations is provided in Section 1. Boolean opera-
tors combined the keyword groups using “AND” relationships be-
tween different concept groups, such as GenAl terms AND persona
terms. We allowed “OR” within each group to capture terminologi-
cal variations.

The complete evolution of search strings across five iterations,
including abandoned variants, is documented in Section A1 of the
online appendix!. Each string revision was tested by verifying
the capture of relevant articles while excluding clearly irrelevant
ones. The final query structure balanced breadth and specificity in
identifying articles.

3.2 Selection of Databases

We investigated five academic databases for our scoping review
based on their relevance and coverage. We created different versions
for each of the databases (see Section A2 of the online appendix).
ACMDL was chosen as the primary venue for HCI research, pro-
viding comprehensive coverage of persona development work in
computing contexts. We excluded ACM Guide of Computing Liter-
ature to avoid duplication with ACMDL. IEEE Xplore was selected
for its strong focus on technical implementations, covering engi-
neering aspects of GenAl applications in persona development.
WoS and Scopus were included to ensure broad interdisciplinary
coverage, as persona research spans multiple HCI-related fields,
including design, marketing, and social sciences.

Finally, arXiv was included to capture recent developments
in GenAlI applications to personas, particularly given the rapid
progress of LLMs. The inclusion of preprints from arXiv follows
established practices in rapidly evolving GenAl research domains
to reduce the risk of excluding articles with negative or null find-
ings, particularly in fields where peer review lag could exclude
cutting-edge developments [94, 127]. We only included preprints
from the past two years to focus on recent developments.

During deduplication, we prioritized entries based on the quality
of the database metadata and the relevance of the domain. ACMDL
entries were retained over other sources, followed by IEEE Xplore,
WoS, and finally Scopus.

Search Query

(“generative artificial intelligence” OR “large language model”
OR “large language models” OR LLM OR LLMs OR “generative
model” OR “generative models” OR GPT OR “generative pre-trained
transformer” OR “foundation model” OR “foundation models” OR

Uhttps://osf.io/au5g6/?view_only=29c0a9a1251b43a186e1359ac9cd6a10
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“ChatGPT” OR “Gemini” OR “LLAMA” OR “Claude”) AND (“data-
driven persona” OR “data-driven personas” OR “quantitative per-
sona” OR “quantitative personas” OR “user persona” OR “user per-
sonas” OR “LLM-generated persona” OR “LLM-generated personas”
OR “buyer persona” OR “buyer personas” OR “persona” OR “per-
sonas” OR “marketing persona” OR “marketing personas” OR “de-
sign persona” OR “design personas” OR “persona development” OR
“persona creation” OR “persona generation”)

3.3 Article Collection and Screening

The article collection and selection process followed the PRISMA
guidelines [102], as illustrated in Figure 2. The initial database
search yielded 885 articles: 64 from WoS, 312 from Scopus, 145 from
ACMDL, 41 from IEEE Xplore, and 323 from arXiv. The screening
process consisted of multiple stages. First, we performed automatic
deduplication using reference management software, removing 73
articles, bringing the total to 812. This was followed by manual
deduplication that identified 141 additional duplicates due to minor
variations in article titles (e.g., case changes, encoded characters,
missing information across databases). After removing conference
reviews (n = 8), books and book chapters (n = 6), and other nonrele-
vant document types (n = 12), 645 articles remained. The next phase
involved multiple screening assessments of the 645 articles. This
included verification of English language requirements (0 removed)
and peer review status (17 removed). The subsequent screening for
the GenAlI application removed 133 articles, and the alignment as-
sessment of the definition of HCI and the use of GenAl in personas
eliminated 401 articles. Additionally, four articles were removed
during the assessment stage, leaving 90 articles.

The snowball sampling process identified 27 potentially relevant
articles. The snowball sample was identified by the Google Scholar
Alerts service during the research period. Of these, 8 were already
in our initial sample, and 5 were already in the final corpus. After
screening for English language (1 removed), peer review status
(0 removed), GenAlI use (3 removed), and alignment of HCI defi-
nition (6 removed), 4 articles remained. One article was removed
during the assessment stage, resulting in 3 additional articles for
our corpus.

3.3.1 Inclusion Criteria. Articles were included if they met all the
following criteria:

I1. Written in English to ensure accurate analysis

I2. Either peer-reviewed publications or preprints from the past
two years

I3. Demonstrated application of generative Al in persona devel-
opment

I4. Aligned with the HCI definition of personas as user repre-
sentations for design. HCI definition of personas focuses on
the representation of a group of users.

I5. Presented empirical research through qualitative, quantita-
tive, or mixed methods

I6. Addressed at least one stage of persona development: data
collection, analysis, generation, evaluation, or practical ap-
plication

Amin et al.
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Figure 2: PRISMA diagram describing the literature collec-
tion process. We followed the standard protocols in scoping
literature reviews [15, 100, 141] to collect our literature base.

3.3.2  Exclusion Criteria. Articles were excluded if they met any of
the following criteria:

E1. Non-academic content: letters, editorials, book reviews, meet-
ing abstracts, news items

E2. Articles only briefly mention personas or GenAl without
substantial implementation

E3. Articles using GenAl for non-persona-related work

E4. Research using the term “persona” in non-user-representation
contexts

E5. Articles using personas solely to enhance conversational
agents’ personality or behavior style.

E6. Purely theoretical discussions without implementation

E7. Opinion pieces lacking research methodology

E8. Duplicate publications of the same study

The criterion 14 is considered because research uses ‘persona’
in at least two different meanings. HCI describes personas as a
representation of a group of users [25, 112, 117], whereas natural
language processing (NLP) refers to persona as the personality, role,
attributes, or collection of design choices that are made for the
conversational agent [65, 110, 145]. For instance, among the arti-
cles excluded under this criterion, articles [61, 68, 73, 136] discuss
personas for LLMs and conversational agents as personality config-
urations (e.g., “helpful assistant” or “creative writer”) rather than
user group representations for design purposes. Similarly, the crite-
rion E5 differs from the conversational persona format (21.0% of
included articles, see Section 4.1.5). The included articles involving
conversational personas, use conversational interfaces to represent
user groups for design decisions, whereas the excluded articles use
personas to configure chatbot’s personalities without the intention
of representing real users or user groups.

Through this screening process, we identified a corpus of 93
articles (90 from the database search + 3 from snowball sampling)
for detailed analysis. Of these, 12 were removed from the full text
reading stage (see details in Section 3.4.2), so the final number of
articles reviewed was 81 (9.15%).
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3.4 Data Extraction

3.4.1 Data Extraction Book. To systematically analyze the selected
articles, we developed a data extraction coding book with 35 vari-
ables in six categories (see Table A3 in the online appendix): (1) basic
information, (2) resources, (3) research methodology, (4) persona
development, (5) GenAI / LLM usage, and (6) results and discussion.
The coding book was developed by the Principal Investigator (PI)
and Co-Principal Investigator (Co-PI). We reviewed the relevant
coding books created for similar literature reviews on personas and
included the necessary variables for our research context. We pilot
tested the coding book by coding five articles at random and revised
the coding book to address any challenges or ambiguities in the
instructions. We also mapped the extracted variables to the RQs and
identified under/over utilized variables (see Table A2 in the online
appendix). We defined specific extraction instructions and value
formats for each variable to ensure consistent coding across articles
(see Table A3 in the online appendix). The codebook included six
categories, including the basic information category, which cap-
tures publication details, and the resources category, which tracks
the availability of artifacts such as code and datasets. Research
methodology concerns approaches and empirical methods; per-
sona development focuses on creation processes; and GenAI/LLM
usage details how GenAlI technologies are employed. Finally, the
results and discussion category captures the findings, limitations,
and future directions. Coders applied the codebook to each arti-
cle in the corpus. For the 25 categorical variables, coders selected
from predefined options listed in the codebook (see Table A3 in
the online appendix). For the 10 open-ended variables, four coders
independently coded responses (with 10% overlap for agreement
calculation). The open-ended variables were then coded themati-
cally into different themes, which were jointly developed by the PI
and Co-PL

3.4.2 Data Extraction Process. Data extraction was carried out in-
dependently by four coders. Initially, we conducted a pilot test with
all four coders to code 3 randomly selected articles to verify and re-
fine our extraction protocol. This pilot phase helped clarify variable
definitions and standardize the extraction approach among coders.
The coding book included a total of 35 variables that were required
to be coded. Out of the 35 variables, 25 were categorical variables
with structured categories, while 10 were open-ended questions.
For the 25 categorical variables, the choices were included in the
coding book, and the coders selected one/more than one option
from them. For the 10 open-ended questions, two researchers en-
coded them into different sub-categories and categories according
to different RQs. The four coders (post-graduate HCI students) who
performed the primary extraction have background knowledge in
personas and technical expertise in computing and Al (see Table
A4 in the online appendix). Each coder was assigned a subset of
articles (three coders analyzed 22 articles each, while one coded
42 articles). All four coders independently analyzed 9 (11.11% of
the corpus) common articles from the corpus to assess inter-rater
reliability. Inter-rater reliability was assessed through data for 17
coded variables (except open-ended questions and basic informa-
tion) among four coders using Fleiss’ Kappa, which indicated a
strong agreement (x = 0.86).
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The information extraction process involved reading each article
and coding the 35 variables according to the predefined protocol in
the coding book. Each coder was given the standardized extraction
protocol with the coding book, with the option of discussions to
resolve any ambiguities. During the extraction process, 12 articles
were further removed from the corpus, bringing the total number
for analysis to 81. Eleven articles were removed because of their
unconventional structure and brevity, which resulted in many miss-
ing key attributes. One article was excluded due to doubts about
its methodological rigor.

4 Findings
4.1 RQ1: How Are GenAl Technologies Used in
Persona Development?

4.1.1  Technology Adoption and Usage Patterns. Our data show that
OpenAT’s GPT models appear in 70 of 81 articles (86.4%), establish-
ing GPT as the predominant choice. Claude (Anthropic) and Llama
(Meta) each appear in 7 articles (8.6%), while Gemini (Google) is
used in 6 articles (7.4%). The “Others” category includes 19 articles
(23.5%) using models such as Deepseek, Mixtral, Bard, and GLM.
Most of the articles employ only one LLM (n = 53, 65.4%), while
20 articles (24.7%) use multiple LLMs together. The remaining 8
articles (9.9%) do not mention their LLM usage.

The reason for using multiple LLMs tends to be their comparison
using quantitative metrics. For example, Xu et al. [144] compared
Claude-3.5, Gemini-1.5, and Llama-3 for persona generation across
different metrics, and Sethi et al. [128] tested GPT-4, Gemini, and
Claude for lexical diversity analysis.

The integration of conventional ML approaches with GenAI
methods occurs in a relatively few (n = 14, 17.3%) articles. Notable
examples of this hybrid approach include using NLP to extract
entities from textual data for prompt enrichment [149], and us-
ing clustering techniques to segment embeddings before persona
generation [76]. A key takeaway is OpenAI’s GPT models over-
whelmingly prevail GenAl persona research, creating a pos-
sible dependency of personas on this one commercial actor
and accentuating limited methodological diversity.

4.1.2  Usage Across the Persona Development Lifecycle. We used a
taxonomy adopted from persona literature [112, 137] to organize
GenAl usage patterns into four themes (see Table 1): (1) persona
creation and enrichment, (2) persona-based simulation and interac-
tion, (3) persona-informed personalization, and (4) validation and
evaluation.

Persona Creation and Enrichment: We found three main approaches
to using GenAl in persona development. First, data-driven persona
generation creates personas from structured datasets (e.g., Likert-
based surveys [55] and using grouped consumer data [76]). Second,
narrative persona profiles and enrichment create detailed storytelling
personas with rich backstories [9, 126]. Third, multimodal persona
representation combines textual descriptions with visual elements
[140, 149]. Figure 3 shows an example workflow for multimodal
personas.

Participatory approaches appear in 30.9% of articles (n = 25),
while 65.4% (n = 53) do not involve direct user participation. The
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remaining 3 articles do not explicitly mention their use of partici-
patory design. Here, participatory persona development involves
direct user feedback from either (a) the persona users or (b) the peo-
ple represented by the personas to modify the personas iteratively
through feedback sessions [134].

Persona-based Simulation and Interaction: One novelty of GenAl
is the ability of LLMs to orient personas in interactive scenarios,
which can be implemented in different ways. For example, conver-
sational persona agents enable direct user interaction with personas
[79, 114], such as using LLMs for character imagination and story
generation in a dialogue environment [108] (see Figure 4). Another
example is using multi-agent persona simulation, which involves
multiple personas interacting simultaneously; for example, role-
playing language agents in decision-making scenarios [27] and
deploying multi-agent persona simulation systems for training pur-
poses [115].

Persona-informed Personalization: This application adapts LLM
outputs based on persona characteristics. Personalized content and
recommendations include articles exploring how personas can guide
content generation and recommendation systems. Adaptive dialogue
and instruction adjust communication styles, as exemplified by the
Persona-L system that developed adaptive dialogue capabilities to
represent people with complex needs, allowing the system to adjust
its communication style according to persona characteristics [134].

The use of LLM with personas involves the opportunity for HCI
researchers to communicate with personas, rather than passively
scanning persona profiles. An example workflow for an adaptive
persona is visible in Figure 5.

Validation and Evaluation: The articles apply LLMs in different
ways to assess the quality and consistency of personas. First, con-
sistency checking examines whether personas maintain coherent
characteristics across scenarios, such as using consistency measure-
ments to validate personas’ textual coherence [133], and developing
evaluation metrics such as fluency and helpfulness to assess persona
quality [74]. Second, realism assessment evaluates human-likeness
through metrics such as lexical diversity [128] and understanding
hallucinations in LLM-generated personas [58]. Third, bias detection
identifies stereotypical representations, as exemplified by Panda
et al. [103] who investigated whether GenAlI personas perpetuate
harmful stereotypes.

4.1.3  Data Sources and Representation Approaches. Data collection
practices are split among real user data, which appears in approxi-
mately half (n = 41, 50.6%) of the articles, synthetic data in 32.1%
(n = 26), and mixed approaches in 17.3% (n = 14). Researchers used
real data collected directly from the users through surveys [55, 76]
or indirectly collected through observations [40]. Synthetic data
applications, for example, used artificially generated data to gener-
ate personas representing addiction patterns [128] and investigated
the consistency of LLM-generated personas using personality tests
[26]. For example, Bai et al. [9] used mixed methods combining real
and synthetic data to create virtual populations by sampling census-
based skeletal personas and enriching them with LLM-generated
details.

Persona representation formats reveal both traditional and emerg-
ing patterns. Traditional persona profiles are the dominant form
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of presenting personas (n = 53, 65.4%), providing structured demo-
graphic and behavioral information in standard persona templates
[77, 83, 86]. In contrast, narrative formats appear in approximately
a third of the articles (n = 26, 32.1%); for example, De Paoli [105]
produced persona narratives using LLM-assisted thematic analysis,
while Schuller et al. [126] generated persona narratives as user
stories that UX experts found comparable with human-written per-
sonas. Furthermore, personas are presented as chatbots in 21.0% of
articles (n = 17), typically in interactive persona interfaces [23, 134]
that combine profile and dialogue formats for the persona user
(see Figure 6). Finally, another notable development is providing
persona information in structured data formats (n = 5, 6.2%), for
example, using a nested JSON output that makes it straightforward
to quantitatively analyze the persona attributes [119].

4.1.4 Application Contexts. GenAl personas are applied across
diverse domains and contexts (see Table A6 in the online appendix
for a complete list of articles). Product development represents
the most common application context (n = 9, 11.1%), in which
researchers create data-driven personas to improve technology
design and UX. Marketing contexts (n = 7, 8.6%) employ LLMs for
consumer segmentation through text embeddings and clustering
[76], and create demographic profiles that mirror real participants
to generate synthetic survey responses [60], among other uses.

Education contexts (n = 6, 7.4%) include, for example, creating
chatbot personas representing children with disabilities to support
accessible technology design [79], whereas healthcare contexts (n
=5, 6.2%), for example, compare LLM-generated personas with
human-crafted personas in clinical research [132] and represent
people with special conditions like Down syndrome [134]. In ar-
ticles focused on civic good and social applications (n = 7, 8.6%),
researchers analyzed GenAl personas in societally meaningful con-
texts, such as addiction research [119, 128] and investigated system-
atic biases in GenAl systems [103]. Research enhancement contexts,
in turn, represent 3.7% (n = 3) of applications, in which researchers
explain persona creation processes for novice designers through
collaboration with GenAl tools [55] and use expert perspectives to
improve research ideation [78].

The remaining 54.3% (n = 44) of applications span diverse con-
texts, including sustainability, finance, content creation, accessibil-
ity design, and language processing, indicating that GenAl personas
are being adopted across more or less every domain that tradition-
ally employs personas.

4.1.5 Alternative Development Approaches. GenAl personas incor-
porate at least four novelties or “innovations” (see Table 2): (1) input
source innovations, (2) process innovations, (3) prompt engineering
innovations, and (4) output format innovations. We explain these
innovations as follows.

Input source innovations (n = 26, 32.1%) expand the types of data
used for persona generation beyond traditional surveys and ana-
lytics. Visual and multimodal input integrates images, avatars, and
visual representations into persona profiles, expanding beyond text-
only descriptions. Multimodal data improves GenAl personas by
combining textual analysis with visual generation. Persona systems
can pair GPT-4 survey processing with DALL-E 2 avatar creation
[149], or integrate emotional expressions for privacy education
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Figure 3: (a) Vivid-Persona system architecture [ 151] with annotated phases: Persona Setting ([A]), Persona Generating ([B]), and
Immersive Conversation ([C]), combining Stable Diffusion, ChatGPT, and real-time video generation for interactive persona
creation. (b) A deepfake persona created using GenAl, illustrating how “harmful” technology [46, 59] can be repurposed for
positive user representation. A video version of the deepfake persona is shared with the author’s permission in our online
supplementary material® to further illustrate the interactive nature of some GenAl persona types. The figure is annotated to
explain different components of a GenAl persona development system.

Table 1: LLM usage in persona development with examples and specific applications. While LLMs are primarily used in persona
creation and enrichment stages, other modes that use LLMs are simulation, interaction, personalization, validation, and
evaluation. See Table A5 in the online appendix for a complete list of articles.

Main theme Sub-theme Examples Specific application example
Data-driven persona [55, 76, 129] PersonaCraft processes survey responses to automatically generate
generation personas with demographic profiles and segmented information
from the survey
Persona creation Narrative persona profiles [9, 105, 126] Creating rich storytelling personas with detailed backstories,

and enrichment and enrichment

personality descriptions, and contextual narratives for design
scenarios

Multimodal persona [18, 140, 149]

representation

Generating personas that combine textual descriptions with visual
avatars, mood boards, and lifestyle imagery

Conversational persona [23, 79, 108]

agents

Developing interactive chatbots that embody specific personas,
allowing users to have conversations with target user archetypes

Persona-based

simulation and Multi-agent persona [27, 115, 144]

Simulating group discussions between multiple persona agents to

interaction simulation understand consensus-building and decision-making processes
Personalized content and [76, 90] Tailoring marketing messages and product recommendations based
recommendations on specific persona characteristics and preferences
Persona',mf(frmed Adaptive dialogue and [60, 134] Adjusting communication style and accessibility features based on
personalization . . B i e . .
instruction users’ cognitive abilities and interaction preferences
Consistency checking [57, 74, 133] Evaluating whether persona responses remain consistent across
different scenarios and interaction contexts
Realism assessment [128, 132] Measuring linguistic patterns to assess how human-like generated
personas appear
Ly User preference prediction [60, 147] Testing whether LLM-generated personas can accurately predict real
Validation and - . . -
evaluation user preferences in product choices and behavioral decisions
Bias detection [103, 109] Analyzing generated personas for demographic stereotypes, cultural

biases, and unfair generalizations across different user groups

[18], with the idea that visual elements strengthen memorabil-
ity beyond text-only profiles. Similarly, unstructured qualitative
data extends persona development into contexts where collecting
structured, quantitative data is impractical. For example, LLMs can
extract personas from video content and industry reports [134]

or generate personas from interview transcripts through thematic
analysis [104]. Expert knowledge can be indirectly used to gener-
ate personas; for example, by capturing domain expertise through
graph-based simulation [78] or transforming expert knowledge into
narrative profiles [60].
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Figure 4: A framework using images for persona generation
[108] with two annotated components: Image Guided Imag-
ination (IG) using DALL-E 3 ([A]) and Persona Personality
Traits ([B]). The Multi-Writer Model([C]) generates content
for specific personas, illustrating how GenAlI personas can be
embedded to automate decision-making in user-centric tasks.
The figure is annotated to explain different components of
a GenAl persona development system using different data
sources.
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Figure 5: Persona-L framework [134] showing three anno-
tated phases: Dataset collection and integration ([A]); LLM
Model Training ([B]) featuring interface with profile genera-
tion, ability exploration, and persona interaction capabilities;
and Integration with user interface ([C]) providing backend
API connections for persona creation and chat functionality.
Persona-L illustrates how GenAI models can contribute to
varying tasks in persona creation, validation, and delivery
using multimodal data sources. The figure is annotated to
explain different components of a Persona-L system.

Process innovations (n = 30, 37%) change the fundamental work-
flow of persona generation, often bypassing steps that were previ-
ously considered essential. Data-driven persona development often
follows a sequential pipeline of collecting data, identifying seg-
ments through clustering, and then enriching profiles with narra-
tive details [56, 117]. The use of GenAlI challenges this conventional
pipeline. For example, rather than discovering segments in data,
direct attribute specification enables researchers to specify desired
characteristics upfront and have LLMs generate matching personas.
Li et al. [76] demonstrated this by directly specifying consumer
segments to generate personas for predefined market categories,
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Figure 6: Proxona, a multiple persona interactive tool [23]
with annotated sections: Persona Customization ([D]), Mul-
tiple Persona Cards ([B]), and Expanded Persona Card (c).
The tool demonstrates editing and interaction capabilities
([A]) with multiple personas, illustrating the complexities of
creating full-fledged persona systems that rely on multiple
system prompts using LLMs for persona creation, evaluation,
and delivery.The figure is annotated to explain different com-
ponents of a Proxona system.

eliminating the need for any preprocessing stages altogether. Sim-
ilarly, segmentation-free approaches that generate personas from
data directly using theoretical frameworks without any empirical
clustering. Sun et al. [134] used conceptual models and reports to
generate personas for people with Down syndrome. Generation
pipelines represent automating the entire workflow. Systems like
PersonaCraft [55] and PersonaFlow [78] integrate all the stages of
persona generation (data collection, analysis, and generation) into
unified, automated processes.

Prompt engineering innovations (n = 18, 22.9%) apply advanced
techniques to improve the quality and consistency of LLM-generated
personas. Two-stage prompting separates the creation of the demo-
graphic skeletal profile from the finalization of the persona. For
example, researchers first prompt demographic profile creation,
followed by enrichment prompts to add behavioral and contextual
information [119, 128]. Taking this idea further, multistage prompts
are applied in different steps of the persona generation pipeline. For
example, Panda et al. [103] used sequential prompts for data analy-
sis, persona attribute extraction, and profile writing. Articles also
apply few-shot-learning prompting approaches that include example
personas in the prompt to guide LLM output style and structure. For
example, Schuller et al. [126] included sample personas in prompts
for bias evaluation, helping LLMs understand expected output for-
mat and detail level, while Chen et al. [18] used example privacy
scenarios to generate contextually adapted personas.

Output format innovations (n = 39, 48.1%) change how personas
are presented and interacted with, moving beyond static profile
documents. Narrative-driven personas present information in a story
format rather than attribute lists. Xu et al. [144] created personas
with rich backstories and character arcs for creative applications,
while Schuller et al. [126] generated first-person narratives that read
like biographical sketches and can make personas more engaging
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and memorable for stakeholders. Multimodal representations ex-
tend this engagement by combining text with visual and emotional
elements. Chen et al. [18] integrated emotional expressions with
visual representations to create empathy-based personas, while
Zhang et al. [149] combined textual personas with auto-generated
avatar pictures and lifestyle imagery. Interactive persona systems
complete this transformation by presenting personas through con-
versational interfaces rather than static documents. For example,
Persona-L [134] provides conversational interfaces for accessibility
needs, enabling persona users to discuss requirements with persona
representations.

4.2 RQ2: How Are GenAl Personas Evaluated?

4.2.1 Evaluation Targets in GenAl Personas. We identified four
primary aspects evaluated in GenAl-generated persona research: (1)
persona descriptions, (2) persona behavior, (3) generation process,
and (4) outcomes and impact (Table 3). Among articles that reported
evaluation (n = 44), description quality was examined in 38.6% of
articles, behavioral performance in 36.4%, outcomes/impact in 15.9%,
and generation process in 11.4%.

Persona Description Evaluation: Description evaluation examines
the static attributes and textual quality of persona profiles. Arti-
cles assess whether persona descriptions appear credible, internally
consistent, and linguistically sound. Generally, this is done by us-
ing established HCI scales such as the Persona Perception Scale
(PPS) [121]. The PPS is an instrument for evaluating individuals’
perceptions of personas, comprising 8 measures such as credibil-
ity, completeness, consistency, clarity, and willingness to use [121].
Multiple articles applied PPS to evaluate description in GenAl per-
sonas [57, 132]. For example, Jung et al. [55] evaluated personas
on five dimensions: consistency, clarity, completeness, credibility,
and fluency. Computational approaches to description evaluation
include linguistic analysis to measure lexical diversity [128] and
stereotype detection using predefined lexicons [22]. These methods
assess whether persona descriptions employ varied vocabulary and
whether they contain problematic stereotypical representations.

Persona Behavior Evaluation: Behavior evaluation examines per-
sonas’ performance in interactive contexts or when tasked with
decision-making, prediction, or simulation activities. This aspect
differs from description evaluation: description evaluation asks
whether a persona profile appears credible, and behavior evaluation
asks whether the persona acts in ways that match real human pat-
terns. Articles employing behavioral evaluation tested personas in
varied contexts. For example, Li et al. [76] validated GenAl personas
against actual survey data, demonstrating that GenAl personas can
simulate consumer preferences. Kaiser et al. [60] conducted pre-
and post-intervention surveys measuring belief changes and infor-
mation sharing patterns among real humans, simulated humans,
and synthetic personas. Park et al. [108] tested the contextual appro-
priateness of personas’ responses in naturalistic decision-making
scenarios. However, behavioral evaluation remains less developed
than description evaluation. Articles often assess behavior through
indirect measures rather than testing of persona actions in con-
trolled scenarios.

Generation Process Evaluation: A small subset of articles evalu-
ated the efficiency, scalability, or usability of the persona generation
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process itself. Zhang et al. [149] developed custom metrics measur-
ing generation efficiency, satisfaction with the creation process, and
collaboration quality between humans and GenAlI systems. These
evaluations address practical concerns about integrating GenAI
personas into existing decision-making workflows rather than as-
sessing the personas themselves.

Outcomes and Impact Evaluation: Outcome evaluation examines
the downstream effects of using GenAl personas in design, decision-
making, or educational contexts. For example, articles measured
usability using the System Usability Scale (SUS) [57], assessed learn-
ing gains from persona-based educational interventions, and evalu-
ated whether personas influenced design decisions appropriately.
This evaluation category connects persona quality to real-world
applications but remains relatively rare in the literature.

4.2.2  Evaluation Methodologies. Among all the articles, 44 articles(
54.32%) mention the evaluation methodology used in the process,
while 45.67% (n = 37) do not provide a clear evaluation framework.
The use of LLMs in persona evaluation remains limited, with a
quarter (n = 12, 27.27%) of articles employing LLMs for evaluation
purposes, while most studies applying evaluation (n = 32, 72.72%)
rely on traditional evaluation techniques.

We identify three primary evaluation approaches from the ar-
ticles that mentioned their evaluation approaches. (see Table 4):
(1) human-driven evaluation, (2) computational evaluation, and (3)
benchmark-based evaluation.

Human-Driven Evaluation: More than half of the articles (n = 25,
58.6%) that applied the evaluation process used human evaluators to
judge persona quality, though it is equally noteworthy that nearly
half (41.4%) did not use human evaluators. For example, Jung et al.
[55] recruited 148 participants, including both regular users (n =
127) and UX experts (n = 21), reporting that GenAl personas scored
significantly higher than non-LLM personas for consistency, clarity,
completeness, credibility, and fluency. Another article measured
GenAl personas for authenticity, clarity, empathy, and willingness
to use, finding satisfactory quality [151]. Chat-based personas were
compared with profile-based personas using both PPS and SUS,
with significant differences in usability between interactive and
static personas [57].

Expert analysis represents a valuable approach within human-
driven evaluation. Sun et al. [134] used qualitative interviews with
domain experts to scope how accurately personas represent people
with complex needs. Another article recruited 127 clinical and edu-
cational experts to compare LLM-generated personas with human-
crafted personas in the obesity research domain [132]. Discrimi-
nation tests provide another human-driven approach. Researchers
have used Turing-test style evaluation methods in which a hu-
man has to differentiate between human-generated personas and
GenAl personas [126]. As an example, a two-phase study with 31
participants compared single versus multiple expert perspectives
for relevance, helpfulness, and creativity [78]. Another article con-
ducted qualitative interviews to evaluate the effectiveness of chat
personas by examining empathy in educational contexts [79].

Computational Evaluation: Computational evaluation uses com-
puter algorithms to objectively assess persona quality through
structured frameworks and NLP metrics. Around one-fifth (20.7%)
of the articles used this form of persona evaluation. Multiple articles
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Table 2: Thematic coding for unique persona development approaches. LLMs bring four innovations to persona generation,
including the ability to include different data sources, change the process of generating personas, prompting innovations, and
innovations regarding interaction with personas. Articles are assigned to one primary sub-theme per main category and may

appear in more than one main category.

Main theme Sub-theme Papers (n)
Input source Visual/multimodal input [32], [108], [120], [135], [149], [151] (n = 6)
innovations (n = 25, Alternative data sources [ , [30], [33], [40], [57], [58], [101], [104], [105], [115], [124], [148] (n

31.2%)

Expert-generated content  [11

, [28], [45], [78], [99], [134], [148], [150] (n = 8)

Direct attribute specifica- [77

Process innovations (n .
tion

=30, 37.5%)

, [751, [76], [80], [85], [109], [115], [139], [151] (n =9)

Segmentation-free ap- [107], [126], [134] (n = 3)

proaches

Novel generation pipelines ~ [7

1
12

[ ] [18], [24], [35], [55], [63], [83], [104], [105], [106], [108], [119],
9], [140], [142], [143], [149] (n = 18)

. . Two-stage prompts
Prompt engineering

35], [119], [128] (n = 3)

innovations (n = 18, Multistage prompts

104], [129] (n = 2)

Few-shot learning

71, [10], [18], [22], [27], [77], [75], [81], [86], [126], [143] (n = 11)

Output format Narrative-driven personas

innovations (n = 44,

9L [
128] [132], [139], [142] (n = 16)

22], [33], [35], [86], [101], [105], [108], [107], [119], [126],

55.0%) Multimodal  representa-

tions

[
[
[
[
22.5%) Chain-of-thought methods  [108], [142] (n = 2)
[
[
[
[

18], [32], [91], [108], [120], [140], [149], [151] (n = 8)

Interactive persona sys- [10], [19], [21], [23], [28], [42
6], [99], [106], [115], [134], [146], [150] (n = 21)

tems [9

1, [45], [58], [60], [64], [76], [79], [81], [89],

Table 3: Target aspects of GenAl personas that are evaluated. Description and behavioral evaluations receive similar attention,
while process and outcome evaluations are less common. See Table A7 in the online appendix for a complete list of articles.

Evaluation Aspect What Is Assessed Example Articles
Persona Description (n = 17,  Static attributes: consistency, clarity, credibility, com- [22, 55, 128]
38.6%) pleteness, fluency, linguistic quality, stereotype pres-

ence

Persona Behavior (n = 16, Dynamic performance: decision-making accuracy, re- [60, 76, 108]

36.4%) sponse patterns, interaction quality, alignment with

real human behavior

Outcomes & Impact (n = 7, Usability, user satisfaction, learning gains, effective- [57]

15.9%) ness in design contexts

Generation Process (n = 5,
11.4%) workflow integration

Efficiency, scalability, human-AI collaboration quality, [149]

applied computational linguistic tools, such as structured linguistic
analysis, sentiment analysis, and stereotype lexicons, to investi-
gate GenAl persona descriptions, for example, detecting potentially
harmful stereotypes [22] or investigating how lexically diverse the
persona descriptions were [128]. A lexical analysis across multiple
LLMs (GPT, Gemini, Llama, Claude) found that personas generated
by Gemini 1.5 Pro had the highest lexical diversity at the individual
persona level, meaning each persona description employed a richer
and more varied vocabulary to characterize user attributes [128].

Custom metrics represent another computational approach. For
example, articles have developed custom evaluation dimensions
that measure efficiency, satisfaction, collaboration, accuracy, cre-
ativity, and diversity in persona generation [149]. These measures
are used for evaluation by the users and are collected via surveys
and interviews. Articles [18] also use user perception scales like
the PPS by asking an LLM to evaluate personas according to factors
such as clarity, credibility, consistency, and empathy.
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Benchmark-Based Evaluation: Benchmark-based evaluation was
equally common as the use of computational evaluation (20.7%
of articles). This approach compares personas with established
standards, reference data, or existing frameworks to assess their
accuracy and validity. For example, Gupta et al. [40] evaluated
personas representing technology professionals against LinkedIn
data, reporting an overrepresentation of elite universities (72.45%
in generated personas vs. 8.56% in actual data). In another arti-
cle, GenAl personas achieved high accuracy (89%) in simulating
consumer preferences compared to actual survey data, with re-
searchers contending that GenAl personas can accurately represent
real consumer behaviors and preferences [76]. Some articles applied
benchmarking by comparing LLM-generated personas with human
ground truth data using controlled experimental conditions [27]
or compared generated personas with theoretical archetypes like
“Suggestible Sally” using trait alignment analysis [24]. Researchers
have also applied pre- and post-intervention surveys to measure
established beliefs, behavioral measures, and information sharing
among real humans, simulated humans, and synthetic personas to
understand the effectiveness of GenAl personas in representing
human responses [60]. De Paoli [104] notes that conventional UCD
methodologies and established persona development methodolo-
gies provide possible baselines for comparison.

Human-driven evaluation prevails among the articles. How-
ever, a serious concern is that nearly half of all the articles
provide no clear evaluation strategy for GenAl personas.

Table 4: Evaluation methodologies show that GenAl personas
are mostly evaluated by humans, but other methods also
include evaluating using algorithms and by comparison with
established systems/data. See Table A8 in the online appendix
for a complete list of articles.

Main Theme Sub-Theme Example
Articles
Human-Driven Subjective Rating  [55, 57, 151]
. Scales
Evaluation
(n = 25, 58.6%) Expert Analysis [132, 134]

Discrimination Tests [126]

UX Assessment [78, 79]
Computational NLP [22, 128]
Evaluation Custom Metrics  [18, 149]

(n =10, 20.7%) Frameworks

Benchmark-Based Real-World Data Vali-  [40, 76]

Evaluation dation

(n=9,20.7%)

Comparative Standard
Analysis

[24, 104]

Mixed-Methods Trian-  [60, 119]
gulation

4.2.3 LLMs’ Role in Evaluation. We categorized the LLM use in
persona evaluation according to four established validity concepts
(Table 5): (1) face validity, (2) ecological validity, (3) internal validity,
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and (4) statistical validity. Face validity assesses whether personas
appear credible on the surface. Ecological validity examines how
personas perform in real-world contexts (e.g., among stakeholders
or when integrated into decision support systems). Internal validity
evaluates the personas against some technical, predefined criteria
(e.g., consistency, diversity), whereas statistical validity relies on
statistical testing (estimation, population comparisons).

Face Validity Assessment: In a third of the articles (33.3%), re-
searchers used LLMs to evaluate whether personas appear credible
and realistic on their surface. For example, Li et al. [74] applied LLMs
to assess LLM-generated personas compared to human-annotated
examples. Researchers have also used LLMs to evaluate user per-
sonas using established questionnaires such as the PPS [103], which
may provide some form of face validity but does not constitute a
full assessment of the personas’ validity in real decision-making
scenarios.

Ecological Validity Assessment: A quarter of the articles (25.0%)
used LLMs to examine how personas behave in realistic, real-world
contexts and scenarios. For example, Park et al. [108] tested persona-
based decision-making in naturalistic scenarios, with GenAl sys-
tems assessing contextually appropriate responses. Researchers
used LLMs to evaluate how personas influence guardrail sensitivity
based on demographic context [75] and to analyze conversations
based on persona attributes in realistic settings [135]. Smrke et al.
[132] used LLMs to measure coherence of persona-driven interac-
tions in healthcare contexts.

Internal Validity Assessment: A quarter of articles (25.0%) used
some form of internal validity assessment, applying LLMs to evalu-
ate the consistency and internal structure of persona characteristics.
For example, researchers used LLMs to evaluate persona-driven re-
sponses using the Big Five personality factors to understand chatbot
responses to personality tests [26]. Others used LLMs to interpret
advertising content based on persona attributes for privacy auditing
[17]or instructed LLMs to use standardized frameworks to evaluate
persona authenticity and internal consistency [53]. Bai et al. [9]
used LLMs to evaluate the emotional and cognitive characteristics
of the generated personas.

Statistical Validity Assessment: Statistical testing was applied
infrequently in conjunction with LLM-based persona evaluation
(16.7% of LLM evaluations). Choi et al. used t-tests to compare per-
sona quality scores between different methods [23]. Cross-model
studies applied statistical tests to compare lexical diversity across
multiple LLMs, including GPT-4, Gemini, Claude, and Llama [128].
Correlation tests checked whether different LLMs produced con-
sistent persona attributes [73], whereas regression analyses can
be used to test how persona characteristics affected content inter-
pretation accuracy [17]. These statistical approaches remain less
common than qualitative validity assessments, but they do provide
quantitative rigor to persona evaluation.

Pertinent to all four validity types, our analysis reveals cases
in which the same LLMs are used to both generate and evaluate
personas. This usage of LLM raises questions about evaluation
independence when the same technology both produces and judges
outputs, though some articles mitigate this by using different LLMs
for generation versus evaluation, with the idea that another LLM is
more “independent” in its assessment of the personas.
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Table 5: LLM use in persona evaluation based on validity
concepts. LLMs are mostly used to assess the face credibility
of personas, but are also used to assess their usage in the real
world, their internal consistency, and their validity against
statistics. Articles can appear in more than one category.

Assessment Type Focus Area Example ar-
ticles

Face Validity Surface Credibility [27], [74]

(n=4,36.4%) Apparent Realism [103], [115]

Ecological Validity Real-World Context [35], [75]

(n = 4,36.4%) Naturalistic Behavior — [135], [144]

Internal Validity Internal Consistency [53], [148]

(n=3,27.3%) Structural Integrity [35]

Statistical Validity Cross-Model Valida- [115]

(n =3,27.3%) tion

Systematic Analysis [17], [135]

4.3 RQ3: What Ethical Considerations Are
Associated with GenAlI Personas?

4.3.1 Ethical Engagement Patterns. We find that more than half
(56.8%, n = 46) of the articles explicitly discuss ethical considera-
tions, while the rest (43.2%, n = 35) do not. This pattern indicates
some awareness of ethical implications in GenAl personas, although
many articles still lack explicit ethical reflection. In addition, the
depth of the articles” engagement with ethical issues varies consid-
erably from one article to another. Some articles provide compre-
hensive ethical frameworks that systematically address multiple
concerns. These comprehensive approaches examine bias detection
mechanisms, community validation requirements, and potential
societal harms from misrepresenting people [28, 134, 139]. These
articles articulate specific methodologies to identify and mitigate
ethical risks, such as involving community representatives in val-
idation processes for vulnerable populations and implementing
systematic bias detection protocols to identify harmful stereotypes
prior to deployment.

Other articles acknowledge ethical considerations but provide
a limited treatise of these issues. These articles typically mention
concerns about bias, representation accuracy, or potential limita-
tions without developing systematic frameworks for addressing
them [40, 64, 86]. Some articles focus primarily on technical per-
formance metrics, while giving secondary attention to the broader
implications of GenAl-based user representation.

4.3.2  Primary Ethical Concerns. In the articles, the discussions on
the ethical implications of GenAl personas are characterized by
four themes (see Table 6): (1) bias and representational concerns, (2)
potential societal harms from decision making, (3) trust and validity
concerns, and (4) reduced human oversight.

Bias and Representational Concerns: Bias and other representa-
tional concerns are a long-lasting challenge in persona development
and use [84, 138]. Our analysis reveals that researchers also express
concerns about biases in GenAl personas (n = 17, 37.0%). Systematic
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“algorithmic othering” particularly affects marginalized communi-
ties, where Al systems exhibit biases in representing gender and
profession combinations [139]. GenAl personas are susceptible to
caricature, tending to exaggerate traits of marginalized personas;
for example, depicting individuals with physical disabilities primar-
ily as being “in wheelchairs” [96].

Gender and age biases appear in multiple contexts, including
autism representation, in which personas reinforce harmful stereo-
types about gender differences [109], and financial representation
in which personas do not accurately represent behaviors across
age demographics [64]. For example, Gupta et al. [41] studied 24
reasoning datasets with 19 diverse personas using ChatGPT-3.5;
they found 80% of personas showed stereotypical bias. Reliance
on stereotypical associations limits the generation of diverse per-
sonality combinations, creating personas of predictable character
types that may not reflect real user population complexity [86].
Platform-specific sampling biases also emerge when personas gen-
erated from specific platforms inherit the demographic biases of
those data sources [148]. Although these persona concerns are not
new (see, e.g., [138]), the introduction of Al into the persona process
may exacerbate existing issues.

Potential Societal Harms from Decision Making: Some articles
(n = 10, 21.7%) point out that GenAl personas could cause societal
harm in several ways beyond individual misrepresentation. We list
here some of these ways. First, “synthetic persuasion paradoxes”
occur when Al personas systematically overestimate intervention
effects compared to real human responses, potentially leading to
misguided policy decisions that assume unrealistic behavior change
outcomes [28]. Second, discrimination perpetuation occurs when
personas embed and amplify existing societal biases, particularly af-
fecting autism and other marginalized identities [109]. This occurs
when personas are used in design processes, potentially leading
to products and services that inadequately serve or actively ex-
clude affected populations. Third, researchers note that harmful
stereotyping risks emerge when generating personas for sensitive
populations [134]. For example, without appropriate community
validation and expert oversight, personas risk misrepresenting vul-
nerable groups in ways that could harm advocacy efforts and policy
development. Policy misapplication represents another concern
among researchers, in that biased persona data could provide overly
optimistic estimates of intervention effectiveness, potentially lead-
ing to ineffective resource allocation [28].

Trust and Validity Concerns: Other articles (n = 9, 19.6%) ex-
press concern about the authenticity and reliability of the Al per-
sona. We list the main concerns here. First, LLMs may yield re-
duced semantic diversity and more formulaic narratives compared
to human-created personas [139], which raises questions about
whether GenAl personas can capture the richness and complexity
of actual human experiences and motivations. Second, preference
misrepresentation [76] and issues with trust creation in user rep-
resentation [64] are other concerns in this space. As a valuable
consideration, Muller and Seaborn [93] refer to the use of synthetic
data in persona generation leading to “Potemkin personas”; i.e.,
personas that are “staged” to give an appearance of reality merely
to “please the eye” rather than truthfully representing reality. For
example, in addiction-focused persona research [119], GenAlI con-
sistently generated personas with 86% US-based representation
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Figure 7: Collaborative workflows between humans and
GenAl for persona generation [129]: LLM-auto (fully auto-
mated), LLM-grouping (human researcher selects key char-
acteristics), and LLM-summarizing with annotated sections
indicating human involvement in attribute selection and
clustering ([A]) and LLM utilization for data conversion ([B]).
The LLM-summarizing model illustrates how AI and humans
can “collaborate” on persona creation with humans identi-
fying attributes and clustering while LLMs summarize data
into persona narratives.The figure is annotated to explain
different models of human-AI collaboration.

despite no geographical constraints in prompts, and portrayed ad-
diction narratives in an unrealistically positive light, mitigating the
severity of substance abuse issues. Third, GenAl personas often lack
emotional depth, which is a validity concern because emotions are
an integral part of real user behavior and influence decision-making
with personas [76]. Overall, validation gaps emerge from the ab-
sence of experimental validation with actual participants, limiting
researchers’ ability to assess whether GenAl personas accurately
represent target populations [109].

Reduced Human Oversight Our analysis shows that a major por-
tion (42.0%, n = 34) of the articles reported no human-AI collabora-
tion in persona generation, while 34.6% (n = 28) used such collabora-
tion in a single stage (data collection, segmentation, enrichment, and
evaluation) and 23.5% (n = 19) employed collaboration at multiple
stages. Human involvement occurred primarily in content writing
(28.4%) and generation (25.9%), with minimal participation in the
evaluation (16.0%) or analysis phases. The typical workflow for
GenAl persona development involves LLMs autonomously gener-
ating personas with no or limited human oversight. When humans
are involved, they mainly provide feedback and input on prompt
responses [104], then review and refine LLM outputs through feed-
back loops [151]. However, evaluation phases show reduced human
involvement, despite evidence that community validation with rep-
resentatives improves the representation of vulnerable populations
[134] and cross-cultural validation prevents inappropriate persona
transfer between contexts [64].

4.3.3 Transparency and Reproducibility. The field demonstrates
notable advancement relative to traditional persona development
practices in research openness and reproducibility. Most (61.7%, n
= 50) of the articles show commitment to open science practices
by sharing at least one type of resource (personas, data, prompts,
and/or code). This represents progress compared to traditional
persona research, where resource sharing was exceptional [116].
Among these, 16.0% (n = 13) demonstrate comprehensive resource
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sharing by making all three resource types available, while 45.7%
(n = 37) share one or two resource types. Slightly more than a third
(38.3%, n = 31) of the articles share no resources at all.

Resource sharing shows encouraging patterns, with researchers
sharing different types of resources. Personas represent the most
commonly shared resource, with more than half (51.9%, n = 42)
of the articles making their personas publicly available. This rep-
resents a substantial improvement over previous generations of
persona research, where resource sharing was exceptional [116].
Code sharing shows a meaningful adoption, with nearly a third
(28.4%, n = 23) of the articles providing implementation details.
Dataset sharing shows a similar trend, with 27.2% of articles (n
= 22) making their data accessible. Among the articles that share
at least one resource, personas-only sharing represents the most
common pattern (n = 20, 40%), followed by combined persona and
code sharing (n = 10, 20%). Some articles demonstrate compre-
hensive resource sharing practices. Some articles provide persona
descriptions and detailed prompts, enabling replication of their
methodologies [119, 139], whereas others share code repositories
to facilitate the adoption and extension of GenAl use in persona
development [108, 129].

As a new type of reproducibility resource, prompt documenta-
tion is a particularly important aspect of GenAl persona research,
which also represents a novel research area for the HCI community.
According to our findings, researchers apply four main prompting
strategies (see Table 7): (1) attribute specific instructions, (2) role-
playing instructions, (3) data driven prompting, (4) creative persona
development. Out of these, attribute-specific prompting provides the
highest degree of control by specifying exact demographic or be-
havioral characteristics through structured formats [64, 119], and or
controlled variation of specific attributes [96]. In turn, role-playing
instructions take a more contextual approach, instructing the LLM
to embody particular user types with specific emotional states,
communication styles [10, 134], or personality traits [77, 151]. Fur-
thermore, data-driven prompting grounds persona generation in
actual user data, either by directly integrating survey responses,
analytics, or behavioral logs into the prompts [55, 129], or by using
LLMs to assess which synthetic responses best match real user
profiles [4, 27]. Finally, creative persona development emphasizes
psychological depth and narrative richness [82, 108], often employ-
ing multimodal approaches that combine text with images or videos
for persona representation [28, 108].

It is worth noting that these strategies are not mutually exclu-
sive, but researchers often combine multiple approaches, such as
using data-driven prompts to establish demographic baselines while
employing role-playing instructions to add behavioral details [22].
The choice of strategy depends on the research goals; for example,
attribute-specific prompting applies to fully automated pipelines for
persona generation, whereas role-playing is typically used to elicit
richer behavioral dynamics, data-driven approaches are favored
when researchers aim to anchor personas in empirical user pro-
files, and narrative-oriented personas are often applied in creative
development contexts.
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Table 6: Thematic analysis of ethical considerations in GenAl personas. The most common ethical concerns considered and
discussed in GenAl persona literature include bias and representation, while concerns related to a lack of trust, potential harms
in decision-making, and reduced human oversight are also present. See Table A9 in the online appendix for complete list of

articles.

Main Ethical Theme Specific Ethical Concerns Example Articles
Algorithmic Othering [139]
Bias and Representational Elite Institution Overrepresentation [40]
Concerns (n = 17, 37.0%) Gender and Age Bias [64, 109]
Stereotypical Associations [86]
Platform-Specific Bias [148]
Al Exacerbation of Existing Issues [109, 139]
Synthetic Persuasion Paradox [28]
gzzz;izl;‘;i::;;l(l:irnf ;rlo;fl%) Discrimination Perpetuation [109]
Harmful Stereotyping of Vulnerable Groups [134]
Policy Misapplication [28]
Reduced Semantic Diversity [139]
Trust and Validity Concerns (n Consumer Preference Misrepresentation [64, 76]
=9,19.6%)
Limited Emotional Range [76]
Validation Gaps [109]
Limited Human-AI Collaboration [104, 151]
Reduced Human Oversight (n = Automated Generation Workflow [104, 151]
10, 21.7%) Community Validation Requirements [134, 139]
Cross-Cultural Validation Gaps [64]
Evaluation Phase Neglect [104, 151]

5 Discussion

5.1 Research Implications

To help the reader make sense of our findings better, we apply
three categories: the Good, the Bad, and the Ugly (see Figure 8 for
elaboration). Good refers to beneficial advances that validate the
value of GenAl personas and point toward productive applications.
Bad refers to methodological weaknesses that undermine validity
and reliability. Ugly refers to systemic or structural risks that can
cause harm, particularly ethical violations stemming from over-
reliance on automation without human oversight.

The Good—Expanding Accessibility, Expressiveness, and Oppor-
tunities: It can be argued that GenAlI has democratized persona
development in numerous ways, such as increasing persona gen-
eration speed and enabling researchers without specialized UX
training to create personas. GenAl persona research is also more
likely to share resources than previous eras of persona research,
which aligns with broader movements towards open science prac-
tices and ideals like increased transparency and reproducibility.
Moreover, GenAl enables new interaction formats, such as conver-
sational personas that allow designers to interact with personas
dynamically rather than read static profiles. There are also new, it-
erative co-creation models where humans and machines collaborate
through continuous prompt refinement. Moreover, GenAl enables

agentic personas that simulate user responses, which challenges
the traditional distinction of personas primarily describing user
segments by broadening the scope of personas into predicting user
behaviors. While traditional personas serve as reference documents
that designers consulted to understand user needs [25, 112], agentic
personas generate responses representing user views in real time.
This raises an intriguing question, which is: Is a persona legitimate
because it accurately describes real users based on data, or because it
can accurately predict what users would do? This is an exciting and
potentially impactful area for HCI research.

The Bad—The Accessibility-Quality Paradox: However, there is
also what we term the accessibility-quality paradox: even though
GenAl can democratize persona creation, its precarious use can se-
verely undermine methodological rigor. GenAl technology lowers
the skill barriers that prevent untrained creators from creating per-
sonas, but evaluation still requires expertise in validity assessment
and bias detection [16, 121]. When anyone can generate personas
in minutes, but proper evaluation requires significant expertise, per-
sona developers are incentivized to treat evaluation light-heartedly.
This can explain why generation techniques exhibit a degree of
standardization, but evaluation remains more inconsistent among
studies. The problem mirrors longstanding concerns that personas
lack empirical validation [52], but GenAl can be seen to erode some
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Table 7: LLM prompting strategies for persona development. LLM prompting strategies for persona generation include: (1)
attribute specific prompting, where specific demographic or behavioral attributes are used to change, (2) role play based
prompting, where the LLM is assigned a role, (3) data driven prompting, where the data related to the users is provided to

generate personas, and (4) creative prompting which involves different modalities.

Primary prompting
strategy

Specific technique

Example implementation

Attribute-specific
prompting

Structured format instructions

“Provide the output in a JSON array, with each dict containing only the following keys: ‘index’, ‘name’,
‘age’, ‘occupation’, ‘background’, ‘details™ [119]

“Uses decision tree methodology to create personas with 2-8 attributes based on survey
characteristics” [64]

Controlled attribute variation

“Given a fictional user’s description: {base persona} Modify the description to make it more like a
{privacy attribute} version of the person” [96]

“Generate persona variants by varying selected attributes such as age and income while maintaining
core demographic consistency” [96]

Role-playing instruction

Context-specific simulation

“You are a user of a university intranet... act as a young person who uses colloquial but polite
language, making up a name, a gender, and an age within the range of 21 and 26 years” [10]

“Uses LLM (GPT-40 mini) with RAG framework and ability-based approach for personas of people
with complex needs” [134]

Emotional and behavioral
specification

“In a conversation, you should act as if you have the following eight emotional parameters. Each
parameter should fluctuate throughout the dialog..” [151]

“Uses Big Five personality traits and domain-specific profiles to create diverse novice instructor
personas” [77]

Data-driven prompting

User data integration

“Here is the user data... Generate a minimum number of personas to represent the user data. Rule 1:
Do not add any information that does not exist in the user data..” [129]

“PersonaCraft uses LLMs integrated with clustering analysis in a 5-stage methodology including data
preparation, question mapping, pre-processing, persona generation, and enrichment phases” [55]

Comparative assessment

“Given the user profile provided below, select the response from Al assistant A or B that the user
would most likely prefer..” [27]

“LLMs generate synthetic survey responses by conditioning on demographic personas to create digital
twins of real participants” [4]

“What is your dark secret?... What is your personality like? Personality is one of the following five

Efy('::l(z_loglcal Depth traits: extraversion, agreeableness, conscientiousness, neuroticism, or openness to experience..” [108]
. icitation
dCrealt 1ve per:ona “Generated 1000 backstories using GPT-40-mini, selected 100 balanced personas with diverse
evelopmen demographic and professional profiles for XAl evaluation” [82]
Multimodal persona “DALI"—E 3'prop1pt: A chaFacter fror'n r‘andom genre of manga... Look carefl:lly this image, and give me
your imagination of detailed description of appearance of the character..” [108]
development

“Automated pipeline creating synthetic profiles with demographic and behavioral attributes including
names, education, careers, locations, hobbies, and climate stances” [28]

of the quality gatekeeping that technical barriers previously pro-
vided. In GenAlI persona research, we observe hints of this pattern.
Nearly half (44%) of articles lack explicit evaluation frameworks,
weakening the empirical foundation of persona research. The eval-
uation challenge is exacerbated by the fact that only 11.5% of the
articles explicitly address hallucination detection, even though this
risk is common knowledge [47]. In general, the evaluation of GenAI
personas varies considerably in its degree of human involvement.
Human-in-the-loop approaches employ people to assess personas
at specific stages [55]. In contrast, automated evaluation pipelines
integrate computational assessments directly into the generation
workflow, applying NLP metrics, stereotype detection algorithms,
or LLM-based judges without human intervention, thereby reduc-
ing transparency [22, 128].

A particular risk occurs when the same LLM generates and evalu-
ates personas, risking that the evaluation is based on model-specific
patterns rather than the genuine quality of the personas. Unlike per-
sona generation, which has converged on common patterns such

as prompt engineering and data grounding, evaluation practices
for GenAl personas are currently ad hoc. The field lacks consensus
on when evaluation should occur, who should conduct the evalua-
tion, and what constitutes adequate validation. Also, most research
(86.4%) depends on a single provider (OpenAI’s GPT models), which
limits diversity and embeds one company’s biases in persona de-
velopment, such as embedding Western perspectives into global
persona representations [8]. This concentration exemplifies over-
reliance on automated systems at the expense of critical evaluation
[131]. The reliance on a single provider may lead to uncritical ac-
ceptance of GenAl personas, particularly when practitioners lack
the technical expertise to evaluate LLM limitations. These prob-
lems could be addressed through standardized evaluation protocols,
diversified LLM use, and mechanisms to detect hallucinations.
The Ugly—Loss of Human Agency and Participatory Principles:
Some developments threaten the foundation of persona research
itself by systematically reducing human involvement. The patterns
we observe in GenAl persona research are problematic from the
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perspective of participatory design. Nearly half (42.0%) of the ar-
ticles do not report an explicit human-AlI collaboration model, in-
stead fully delegating the persona development process to GenAl.
About a third (30.9%) of the articles adopt participatory methods.
This creates a risk of computational efficiency substituting genuine
engagement, producing personas that lack authentic user voices.
Our research shows evidence of each step toward fully automated
pipelines. We found articles that used synthetic data for persona
generation, articles that used LLMs only to generate personas, but
others that also evaluated personas using LLM, and some articles
that presented complete persona systems that produce autonomous
decisions without human intervention.

In the worst scenario, one could perceive a dystopian outcome in
which personas are created from synthetic data by machines that
are then evaluated by other machines, and possibly delivered to yet
other machines making decisions about real people. This scenario
would eradicate humans from the design process and goes against
the human-in-the-loop principles that argue for maintaining hu-
man agency and oversight in GenAl systems, which is essential
when making decisions affecting people [92]. The fully automated
persona pipeline could represent precisely what human-in-the-loop
frameworks seek to prevent: algorithmic systems making conse-
quential decisions about human populations without meaningful
human involvement or accountability mechanisms. Fully automated
pipelines break what makes personas valuable. Personas work in
user-centered design because they represent real users’ needs and
perspectives [112, 125]. But the pattern we observed creates a closed
loop: synthetic data feeds AI generation, Al evaluates its own out-
puts, and Al makes decisions about real people. No actual users
are involved. This transforms personas from user representations
into algorithmic artifacts with no connection to the users they
claim to represent. Such systems violate basic participatory design
principles that require involving those affected by design decisions
[92, 125].

Simultaneously, the increased popularization of GenAl personas
reflects changing power dynamics in who (or what) controls user
representation. Whereas personas initially emerged from direct user
research and community engagement, GenAl personas may create
computationally generated narratives that mimic authentic UX [62].
This mimicry raises epistemic questions about the trade-off between
efficiency gains and representational authenticity [93], which are
questions that the HCI community is required to address. These
findings align with concerns in human-AlI collaboration research
about automation bias, where over-reliance on Al systems leads to
uncritical acceptance of outputs even when human evaluation could
detect errors [131]. The patterns we observe contradict human-
centered Al principles that emphasize maintaining human agency
and meaningful oversight in systems that affect real populations
[92, 130].

Recognizing these differences can help the HCI community em-
brace beneficial applications of GenAl in personas while avoiding
practices that would disconnect personas from the users they claim
to represent. The HCI community can make a substantial contri-
bution in this area by ensuring, whenever possible, to engage real
users and maintain the participatory foundations that give personas
their validity and value.

Amin et al.
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« Made persona creation + Removed framework: . human
accessible to non-experts » Created single-vendor « Removed users from
« Compressed timelines from dependency representation process
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« Changed personas from static to| « Lost long-term impact with synthetic data
interactive measurement + Created components for fully
« Enabled dynamic querying of » Introduced circular validation automated pipeline
personas + Fragmented evaluation « shifted control from
« Shifted from proprietary to practices communities to algorithms
open sharing » Embedded single company’s « Substituted computational
« Created personas that simulate biases globally narratives for real voices
behavior + Normalized uncritical « Threatened legitimacy as user-
« Introduced multimodal acceptance centered tools
representations + Reduced personas from
« Enabled iterative co-creation advocacy to organizational
convenience

Figure 8: The good, the bad, and the ugly dimensions of the
GenAlI Personas.

5.2 Extension of Prior Persona Research

Here, we position GenAl personas in the broader HCI literature on
personas. We do so by first discussing the parallels between GenAl
persona research and HCI research evolution, and then focusing
on the continuum of data-driven personas, specifically how GenAl
personas are positioned within it.

Go et al. [34] investigated the “three waves of personas” by
reviewing 315 articles that span 18 years of research tradition. There
are interesting parallels in this most recent transition of persona
technology in regards to these waves. In Badker’s terms [13, 14],
there was a transition from human factor to human actor in HCI;
however, for persona creation, the adoption of LLMs seems to
decrease human agency in the persona generation process. Badker
also identified engagement of other disciplines in HCI research; this
is evident in personas becoming increasingly a nexus of HCI-NLP
collaboration, rather than being “owned and operated” by HCI
alone. This idea has previously been articulated by Duda [29], who
questioned whether personas are conceptually claimed by HCI or
the field of marketing; in the GenAlI persona era, this question
particularly relates to the persona concept being appropriated by
NLP researchers. NLP research tends to have a technical tradition
but less knowledge about the conceptual heritage of personas in
HCI, which implies that HCI researchers’ knowledge about persona
theory could contribute to better operationalization of “NLP-based”
personas (e.g., increasing persona depth and arguing for grounding
on real user experiences).

An important aspect of Badker’s [13, 14] articulation is the role
of participatory design, in which end-users are actively involved as
co-designers throughout the design process. Our findings show that
this is relatively rare in GenAl personas; however, it need not be
rare. The democratization effect of GenAl technologies in making
persona generation easier could, in theory, facilitate and support
the inclusion of persona users in the generation process. Mobilizing
this “participatory potential” remains a highly impactful avenue
for future research. It is not a novel challenge; already in their 2017
review, Goh et al. [34] identified a “a missing link between personas
and designers” (p. 612).

Similarly, it is worth noting that these challenges, such as stereo-
typing, marginalization, and personas being disconnected from real
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user data are well-known in the persona field [34, 84, 138] but it
is nonetheless interesting to observe that they remain topical for
GenAl personas. Qualitative user data and participatory validation,
followed by persona refinement, are foundational methods used
in persona creation. These approaches emphasize methodological
transparency and stakeholder engagement [25, 113]. As such, vali-
dation has always been central to personas, with UCD guidelines
highlighting the need for empirical grounding, data triangulation,
and participatory checks with both designers and users [5, 87, 112].
Our findings indicate that GenAl personas frequently lack valida-
tion, with many of the studies we examined reporting no human
supervision or explicit evaluation frameworks. Thus, GenAl ampli-
fies concerns about persona validity by accelerating production but
eroding safeguards. We refer the reader to the article by Amin et
al. [2] that lists twenty challenges of GenAl personas in HCL The
resolution of these challenges remains an ongoing research effort.

In their literature review spanning 15 years of research on data-
driven personas, Salminen et al. [117] argued for three evolution-
ary periods: (1) quantification (2005-2008), which involved early
experimentation with statistical and ML technologies in persona
creation; (2) diversification (2009-2014), which involved expand-
ing the scope of algorithms and data sources to involve NLP and
both structured and unstructured data; and (3) digitalization (2015-
2020) that marked the rise of fully automated persona generation
in user-friendly systems. The review also specifically pointed out
challenges in lacking shared resources, standardized evaluation
methods, the risk of not generating inclusive personas, and the
over-focus on algorithms at the expense of human experience.

These risks do remain relevant for GenAl personas, but there is
also progress, especially in the sharing of computational resources,
using quantitative evaluation, and the researchers becoming more
aware of issues such as the need for representing marginalized
users and the role of algorithmic bias in persona generation. So,
it appears that personas are “moving forward”, albeit slowly. It is
challenging to propose an all-encompassing label for the current
era of persona generation, but perhaps (4) augmentation could be
descriptive, with the undertone that GenAl technologies exist to
augment human involvement in persona generation rather than
replacing it.

5.3 Practical Implications

Based on our analysis of 81 articles, we propose practical guidelines
for the development of GenAlI personas (Table 8). Each guideline
addresses specific methodological gaps identified in our review
and is grounded in relevant research from our scoping review and
previous literature. Each guideline in Table 8 addresses a specific
gap from our review, labeled as Review Finding, and builds on
prior research, labeled as Prior Work, with the Reasoning column
explaining how the cited work supports the guideline. For example,
PG1 corresponds to our finding that 86% of articles rely exclusively
on GPT models (Section 4.1.1), while prior work demonstrates that
model-specific biases exist that single-model approaches might
miss.

These guidelines address three key ethical concerns about using
GenAl personas in HCI and design. First, multi-model validation
and consistency testing address systematic biases, inconsistencies,
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and harmful stereotypes that could compromise research valid-
ity and perpetuate discrimination. These validation approaches
identify systematic issues while maintaining stable characteristics
across iterations, addressing concerns about reproducibility in per-
sona development. Second, empirical grounding through structured
outputs, demographic validation, and quantitative thresholds en-
sures that GenAl personas remain anchored in real user data rather
than generating fictional or biased representations based solely on
training patterns or artifacts. For example, requiring personas to
match validated demographic distributions prevents models from
creating representations that diverge from actual user populations.

Third, documentation requirements and human oversight pro-
tocols provide ethical safeguards against cultural insensitivity or
stereotyping, because GenAl personas may lack an intricate un-
derstanding of cultural contexts that human researchers possess.
Overall, these guidelines aim at leveraging GenAI’s efficiency in
persona generation while maintaining the methodological rigor
and ethical standards expected in HCI research, so that GenAl per-
sonas offer valid, reliable, and respectful representations of diverse
user populations. Moreover, we expect that human-AI collabora-
tion models will become increasingly important with the rise of
agentic personas that are capable of generating their own outputs
independently.

5.4 Limitations and Future Research

Our study has some limitations. The on-going formation of practices
in the GenAlI persona research means that our analysis represents
a snapshot of a rapidly changing field. The dominance of recent
publications (88.9% from 2024-2025) reflects the field’s nascency, but
limits assessment of long-term trends. However, scoping reviews
are valuable in such cases, and we do share our resources (search
query, coding book, corpus) so that it can be updated in future.

One limitation is that our HCI-focused perspective may not cap-
ture relevant developments in adjacent fields such as NLP or com-
putational social science, as we excluded articles that use “persona”
to configure LLM personalities or agent behaviors [61, 68, 73, 136].
Although outside of our scope, these agent-focused persona stud-
ies may offer transferable insights into prompt engineering tech-
niques, personality consistency methods, or behavioral alignment
approaches. Future research could examine the synergies between
the HCI and NLP persona research traditions.

In addition to our research limitations, the reviewed articles in-
dicate recurring challenges that constrain the field’s development
and can guide future work. For example, token processing con-
straints appear frequently in complex persona generation [104],
limiting the depth and complexity of GenAl personas due to techni-
cal limitations in current LLM architectures. Bias and representation
issues are prevalent in researchers’ treatise of GenAl personas. For
example, Kaur et al. [64] documented systematic biases that af-
fect cross-cultural applicability, while Mercer et al. [86] identified
a heavy reliance on stereotypical associations that constrain per-
sona diversity. Yin et al. [148] found platform dependency issues
that introduce systematic sampling biases based on data source
characteristics. Validation challenges include small sample sizes
that limit generalizability [139], and the absence of experimental
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Table 8: Practical guidelines for GenAl persona development.

Guideline Review Finding Prior Work Reasoning

PG1: Implement multi-model validation us- See Section 4.1.1 [22, 41, 67] Different models exhibit distinct bi-

ing at least two different GenAl systems ases that cross-validation can iden-
tify.

PG2: Deploy structured formats (JSON, XML, See Section 4.1.3 [55, 119] Structured formats enable program-

or CSV) with explicit consistency criteria matic validation and cross-system
compatibility.

PG3: Document complete methodologies in- See Section 4.3.3 [67,111] Prompt sensitivity and parameter

cluding prompts, parameters, and model ver- choices significantly affect outputs

sions and reproducibility.

PG4: Validate generated characteristics See Section 4.2.2 [8,72] LLM-generated personas show sys-

against demographic benchmarks or real tematic deviations from real-world

user data population distributions.

PG5: Establish quantitative acceptance See Section 4.2.2 [55, 121] Pre-registered criteria prevent con-

thresholds before incorporating personas firmation bias and improve persona

into design quality.

PG6: Assess output consistency through re- See Section 4.3.2 [40, 57, 109] High variability indicates unstable

peated generation and edge case testing

representations and edge cases re-
veal model limitations.

PG7: Implement systematic human over- See Section 4.3.2

sight for cultural appropriateness and stereo-
type detection

Automated methods miss cultural
details that require human domain
expertise.

[84, 138, 139]

validation with actual participants [109]. Cultural limitations rep-
resent another significant constraint. Studies confined to specific
regions limit cross-cultural generalizability, raising questions about
whether GenAlI persona methods in one cultural context can be
appropriately transferred to others.

Future research directions should address the limitations identi-
fied above, offering significant research fronts for the HCI commu-
nity. First work on bias mitigation is needed because current articles
reveal persistent issues related to representational bias, stereotyp-
ing, and platform-dependent sampling. For example, systematic
bias-reduction strategies [28] and community-based validation
practices [139] offer promising starting points for improving cross-
cultural reliability. Second, technical improvements are required
to overcome LLM design constraints that limit persona depth and
generalizability. For example, multi-platform integration [148] can
reduce single-platform dependence, multimodal pipelines [82] can
support more accessible and usable persona representations, and
domain-specific fine-tuning [76] could help improve the validity
of personas in specialized contexts. Third, the validity and long-
term utility of GenAlI personas should be studied. For example,
longitudinal study designs [134] can assess the stability of personas
over time, stereotype-detection mechanisms [35] can help monitor
problematic persona narratives, and cross-cultural validation frame-
works [64] are needed to determine whether GenAlI technologies
and techniques developed in one region transfer to others.

6 Conclusion

GenAl technology is increasingly adopted for persona generation,
but the field remains fragmented and methodologically inconsistent.

The articles we examined demonstrate progress in prompt engineer-
ing, multimodal generation, resource sharing, and domain-specific
adaptation, but they also reveal recurring limitations related to
bias, validation, and cultural transferability. Our findings suggest
that the main challenge for HCI is not producing more complex
and automated GenAl persona pipelines, but validating that GenAl
personas are reliable, interpretable, involve humans in develop-
ment, and appropriate for real use. Overall, the field can benefit
from addressing the specific risks and limitations identified in this
review. Through such efforts, GenAl personas can mature from a
technological novelty into a robust, and socially beneficial research
approach.
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