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Abstract 
As generative AI (GenAI) 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 GenAI 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, GenAI use creates a risk of circularity, in 
which the same GenAI model both generates and evaluates out-
puts. Our findings also suggest that GenAI 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 GenAI into persona development. 
CCS Concepts 
• Human-centered computing → HCI theory, concepts and 
models; User models. 
Keywords 
Generative AI, LLM, Personas, Persona Development 
ACM Reference Format: 
Danial Amin, Joni Salminen, Farhan Ahmed, Sonja M.H. Tervola, Sankalp 
Sethi, and Bernard J. Jansen. 2026. Creating and Evaluating Personas Using 
Generative AI: A Scoping Review of 81 Articles. In Proceedings of the 2026 
CHI Conference on Human Factors in Computing Systems (CHI ’26), April 
13–17, 2026, Barcelona, Spain. ACM, New York, NY, USA, 23 pages. https: 
//doi.org/10.1145/3772318.3790608 

This work is licensed under a Creative Commons Attribution 4.0 International License. 
CHI ’26, Barcelona, Spain 
© 2026 Copyright held by the owner/author(s). 
ACM ISBN 979-8-4007-2278-3/26/04 
https://doi.org/10.1145/3772318.3790608 

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 (GenAI), 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 GenAI is being researched to support 
persona development. These GenAI technologies can be applied to 
various stages of persona development, and the personas created by 
such a process are called GenAI personas, which will be the focus 
of this study (see Figure 1 for examples). 

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

Moreover, the application of GenAI in persona development 
suffers from a lack of standardization and best practices, there is 
yet no clear consensus on optimal approaches. The application of 
GenAI in persona development is currently uncharted territory, 
making it difficult for persona developers to make informed deci-
sions about adopting GenAI technologies. The evolution of GenAI 
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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(a) (b) 
Figure 1: Examples of GenAI 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 pro�les, but also to 
a�ord decision-makers access to dialogue with the personas. 
The �gures are annotated to explain di�erent components 
of GenAI 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 speci�cally use 
GenAI in persona development remains unclear. 

Another domain that is prone to challenges is the evaluation of 
GenAI personas. Traditional persona validation methods generally 
focused on user perceptions of personas [52, 121], but GenAI 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 GenAI raises questions about evaluating the quality 
of GenAI-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 GenAI personas. 

The ethical aspects of using GenAI 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 ampli�es 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 in�uence design 
decisions that a�ect these populations, prompting the need to 
understand how researchers factor in ethical concerns when 
using GenAI in persona development. 

Against the backdrop of these research challenges, we put forth 
three research questions (RQs): 
� RQ1: How are GenAI technologies used in persona develop-

ment? 
� RQ2: How are GenAI personas evaluated? 

� RQ3: What ethical considerations are associated with GenAI 
personas? 

Building on persona research in HCI [112, 117] and following 
guidelines for literature reviews in the HCI �eld [66], this scoping 
review analyzes 81 articles published between 2022 and 2025 on the 
application of GenAI for persona development. A scoping review 
generally maps the current scope, key concepts, and knowledge 
gaps [6], and is suitable for studying GenAI 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 GenAI into persona development 
work�ows. Considering the proliferation of GenAI 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 pro�les that represent these segments 
[25, 117]. At �rst glance, GenAI 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 AI mod-
els, researchers have applied rule-based systems, such as dynamic 
templates with prede�ned �elds for dynamically inserted informa-
tion [98]. In contrast, LLMs’ interpretative capabilities o�er 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 GenAI 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 GenAI 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 speci�cally address the integration of GenAI technologies into 
persona development. We will discuss in Section 5 how our �ndings 
are positioned in the continuum of persona research, speci�cally in 
conjunction with previous reviews. Given the growing adoption of 
GenAI 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 
rami�cations 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 
�ve 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 GenAI 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 GenAI and persona development, involving iterations of 
query re�nement and implementing database-speci�c adaptations. 
Through screening, we identi�ed 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 �nal 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 GenAI and persona development, with 
terms from both domains (see Table A1 in the online appendix). 
These terms were selected from prominent articles in the �eld, per-
sonal domain expertise, and LLM suggestions (Claude, ChatGPT, 
Llama). All searches were performed in the title , abstract , and 
author  keywords �elds 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-speci�c adaptations to ac-
commodate varying syntax requirements and technical limitations. 

For ACMDL, we used the independent �eld tags for di�erent items 
(i.e., [Abstract:]  �eld tag for abstract, [Title:]  �eld tag for 
title, and [Keyword:]  �eld tag for keywords). For IEEE Xplore, 
we searched the title, abstract, and keywords �elds using the All  
Metadata �eld. For Scopus, we covered title, abstract, and keywords 
using the TITLE-ABS-KEY �eld speci�cation. For WoS, we used the 
Topic (TS) �eld, which includes title, abstract, and keywords. 
Scopus required proximity operators (W/5), while Web of Science 
needed simpli�ed syntax for compatibility. 

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

The complete evolution of search strings across �ve iterations, 
including abandoned variants, is documented in Section A1 of the 
online appendix1 . Each string revision was tested by verifying 
the capture of relevant articles while excluding clearly irrelevant 
ones. The �nal query structure balanced breadth and speci�city in 
identifying articles. 
3.2 Selection of Databases 
We investigated �ve academic databases for our scoping review 
based on their relevance and coverage. We created di�erent 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 GenAI applications in persona development. 
WoS and Scopus were included to ensure broad interdisciplinary 
coverage, as persona research spans multiple HCI-related �elds, 
including design, marketing, and social sciences. 

Finally, arXiv was included to capture recent developments 
in GenAI applications to personas, particularly given the rapid 
progress of LLMs. The inclusion of preprints from arXiv follows 
established practices in rapidly evolving GenAI research domains 
to reduce the risk of excluding articles with negative or null �nd-
ings, particularly in �elds 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 �nally Scopus. 
Search Query 

(“generative arti�cial 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 

1https://osf.io/au5g6/?view_only=29c0a9a1251b43a186e1359ac9cd6a10 

https://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 identi�ed 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 veri�cation of English language requirements (0 removed) 
and peer review status (17 removed). The subsequent screening for 
the GenAI application removed 133 articles, and the alignment as-
sessment of the de�nition of HCI and the use of GenAI in personas 
eliminated 401 articles. Additionally, four articles were removed 
during the assessment stage, leaving 90 articles. 

The snowball sampling process identi�ed 27 potentially relevant 
articles. The snowball sample was identi�ed 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 �nal corpus. After 
screening for English language (1 removed), peer review status 
(0 removed), GenAI use (3 removed), and alignment of HCI de�-
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 AI in persona devel-

opment 
I4. Aligned with the HCI de�nition of personas as user repre-

sentations for design. HCI de�nition 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 

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 brie�y mention personas or GenAI without 
substantial implementation 

E3. Articles using GenAI 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 I4 is considered because research uses ‘persona’ 

in at least two di�erent 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 con�g-
urations (e.g., “helpful assistant” or “creative writer”) rather than 
user group representations for design purposes. Similarly, the crite-
rion E5 di�ers 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 con�gure chatbot’s personalities without the intention 
of representing real users or user groups. 

Through this screening process, we identi�ed 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 �nal 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 �ve 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 
identi�ed under/over utilized variables (see Table A2 in the online 
appendix). We de�ned speci�c 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 GenAI technologies are employed. Finally, the 
results and discussion category captures the �ndings, limitations, 
and future directions. Coders applied the codebook to each arti-
cle in the corpus. For the 25 categorical variables, coders selected 
from prede�ned 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 di�erent themes, which were jointly developed by the PI 
and Co-PI. 
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-
�ne our extraction protocol. This pilot phase helped clarify variable 
de�nitions 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 di�erent sub-categories and categories according 
to di�erent RQs. The four coders (post-graduate HCI students) who 
performed the primary extraction have background knowledge in 
personas and technical expertise in computing and AI (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 (̂  = 0.86). 

The information extraction process involved reading each article 
and coding the 35 variables according to the prede�ned 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 GenAI Technologies Used in 

Persona Development? 
4.1.1 Technology Adoption and Usage Pa�erns. Our data show that 
OpenAI’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 
di�erent 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 GenAI 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 
GenAI 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 GenAI 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 pro�les 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 work�ow 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 GenAI 
is the ability of LLMs to orient personas in interactive scenarios, 
which can be implemented in di�erent 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 exempli�ed 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 pro�les. An example work�ow for an adaptive 
persona is visible in Figure 5. 

Validation and Evaluation: The articles apply LLMs in di�erent 
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 �uency 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 
identi�es stereotypical representations, as exempli�ed by Panda 
et al. [103] who investigated whether GenAI 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 arti�cially 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 pro�les are the dominant form 
2https://osf.io/3pwav?view_only=29c0a9a1251b43a186e1359ac9cd6a10 

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 pro�le 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. GenAI 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 pro�les 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 GenAI personas in societally meaningful con-
texts, such as addiction research [119, 128] and investigated system-
atic biases in GenAI 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 GenAI 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, �nance, content creation, accessibil-
ity design, and language processing, indicating that GenAI personas 
are being adopted across more or less every domain that tradition-
ally employs personas. 
4.1.5 Alternative Development Approaches. GenAI 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 pro�les, expanding beyond text-
only descriptions. Multimodal data improves GenAI 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 

https://osf.io/3pwav?view_only=29c0a9a1251b43a186e1359ac9cd6a10
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(a) A multimodal  persona work�ow  (b) Deepfake personas 

Figure 3: (a) Vivid-Persona  system architecture  [151]  with  annotated  phases: Persona Setting ([A]),  Persona Generating  ([B]),  and 
Immersive  Conversation  ([C]),  combining  Stable Di�usion,  ChatGPT, and real-time  video generation  for  interactive  persona 
creation.  (b) A deepfake persona created using  GenAI, 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 2 to further  illustrate  the  interactive  nature  of  some GenAI  persona types. The �gure  is annotated  to 
explain  di�erent  components  of  a GenAI  persona development  system. 
Table 1: LLM  usage in  persona development  with  examples and speci�c  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 Speci�c  application  example  

Persona creation  
and enrichment  

Data-driven persona 
generation [55, 76, 129] PersonaCraft processes survey responses to automatically generate 

personas with demographic pro�les and segmented information 
from the survey 

Narrative persona pro�les 
and enrichment [9, 105, 126] Creating rich storytelling personas with detailed backstories, 

personality descriptions, and contextual narratives for design 
scenarios 

Multimodal persona 
representation [18, 140, 149] Generating personas that combine textual descriptions with visual 

avatars, mood boards, and lifestyle imagery 

Persona-based 
simulation  and 
interaction  

Conversational persona 
agents [23, 79, 108] Developing interactive chatbots that embody speci�c personas, 

allowing users to have conversations with target user archetypes 
Multi-agent persona 
simulation [27, 115, 144] Simulating group discussions between multiple persona agents to 

understand consensus-building and decision-making processes 

Persona-informed  
personalization  

Personalized content and 
recommendations [76, 90] Tailoring marketing messages and product recommendations based 

on speci�c persona characteristics and preferences 
Adaptive dialogue and 
instruction [60, 134] Adjusting communication style and accessibility features based on 

users’ cognitive abilities and interaction preferences 

Validation  and 
evaluation  

Consistency checking [57, 74, 133] Evaluating whether persona responses remain consistent across 
di�erent scenarios and interaction contexts 

Realism assessment [128, 132] Measuring linguistic patterns to assess how human-like generated 
personas appear 

User preference prediction [60, 147] Testing whether LLM-generated personas can accurately predict real 
user preferences in product choices and behavioral decisions 

Bias detection [103, 109] Analyzing generated personas for demographic stereotypes, cultural 
biases, and unfair generalizations across di�erent user groups 

[18], with the idea that visual elements strengthen memorabil-
ity beyond text-only pro�les. 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 pro�les [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  speci�c  personas, illustrating  how  GenAI  personas can be 
embedded to automate  decision-making  in  user-centric  tasks. 
The �gure  is annotated  to explain  di�erent  components  of  
a GenAI  persona development  system using  di�erent  data 
sources. 

Figure 5: Persona-L framework  [134]  showing  three  anno-
tated phases: Dataset collection  and integration  ([A]);  LLM  
Model  Training  ([B])  featuring  interface  with  pro�le  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 �gure  is annotated  to  
explain  di�erent  components  of  a Persona-L system. 

Process innovations (n = 30, 37%) change the fundamental work-
�ow 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 pro�les with narra-
tive details [56, 117]. The use of GenAI challenges this conventional 
pipeline. For example, rather than discovering segments in data, 
direct attribute speci�cation 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 prede�ned market categories, 

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-�edged  persona systems that  rely  on multiple  
system prompts  using  LLMs for  persona creation,  evaluation,  
and delivery.The  �gure  is annotated  to  explain  di�erent  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 work�ow. Systems like 
PersonaCraft [55] and PersonaFlow [78] integrate all the stages of 
persona generation (data collection, analysis, and generation) into 
uni�ed, 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 pro�le from the �nalization of the persona. For 
example, researchers �rst prompt demographic pro�le creation, 
followed by enrichment prompts to add behavioral and contextual 
information [119, 128]. Taking this idea further, multistage prompts 
are applied in di�erent steps of the persona generation pipeline. For 
example, Panda et al. [103] used sequential prompts for data analy-
sis, persona attribute extraction, and pro�le 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 pro�le 
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 �rst-person narratives that read 
like biographical sketches and can make personas more engaging 
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