PersonaBase: A Formative Evaluation Study of Computational
Resources for Data-Driven Personas

Joni Salminen
School of Marketing and Communication
University of Vaasa
Vaasa, Finland
joolsa@utu.fi

Ilkka Kaate
Turku School of Economics
University of Turku
Turku, Finland
iokaat@utu.fi

Abstract

Drawing inspiration from the natural language processing com-
munity’s definitions of tasks, datasets, metrics, and baselines, we
present PersonaBase, a repository of computational resources for
data-driven persona (DDP) research. PersonaBase contains (1) com-
putational notebooks that present algorithmic approaches for per-
sona generation and evaluation, (2) persona generation prompts, (3)
persona systems, and (4) datasets with user data or personas. Forma-
tive evaluation with four domain experts suggests that PersonaBase
addresses a real need and suggests that DDP benchmarking can be
further developed through community building and learning from
other computing sciences.

CCS Concepts

« Human-centered computing — Human computer interac-
tion (HCI).
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1 Introduction

In human-computer interaction (HCI), representing real user groups
through fictional personas [10] is a methodology that stimulates
empathy and guides decision making among developers, designers,
and other stakeholders who need information about users [13, 29].
Personas aim to provide an empathetic perspective to user needs
based on data rather than an abstract idea or vague assumptions
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about the users [1, 10, 25]. This perspective then supports the user-
centered development of products, including hypertext systems
[5, 31, 33]. Although personas were initially created using small
qualitative data [14], scholars adopted large-scale data sets to de-
velop data-driven personas (DDPs), which are based on quantitative
data and analysis techniques [18, 20, 26, 27].

These DDPs are driven by the application of data science tech-
niques, such as machine learning (ML) algorithms, to structured
datasets about people [4, 26]. The progress in natural language
processing (NLP) and generative artificial intelligence (GenAlI) has
nudged DDP development toward the analysis of unstructured text
data, such as user study transcripts, interviews, and/or open ended
surveys that can be processed using GenAl techniques to develop
personas [11, 36, 38, 39]. Together, the “classical” ML algorithms
and the modern GenAlI techniques form a major part of the state-
of-the-art in DDP development.

The dependence of DDP research on ML and GenAlI techniques
anchors it in the computational research domain. However, DDP de-
velopment currently lacks systematically developed benchmarking
resources and practices to establish quality standards and method-
ological rigor similar to other computational fields [41, 42]. Reviews
have found that less than 10% of persona studies share resources
such as code, datasets, or algorithms [34, 35], and researchers have
repeatedly called for improved rigor in DDP research (7, 8, 24, 37].
The lack of computational resources undermines research repro-
ducibility and impedes scientific progress in DDPs, which is acute
because persona development is increasingly affected by technologi-
cal progress, including large language models (LLMs) [21, 38, 39, 43]
that require robust evaluation due to inherent risks, e.g., DDPs being
misaligned with actual user groups [3, 17, 32].

At the same time, LLMs also present an opportunity for replicable
and scientifically measurable DDP development; for example, by
sharing prompts [2]. The shareability of prompts and code now
makes a leap toward persona science [37] a possibility. But what
computational resources should be shared? What needs to be shared?
How to share these resources? These questions are fundamental to
progress in DDPs but remain unaddressed in the current body of
DDP literature. Against this backdrop, this research addresses the
following research question: How to develop computational resources
for data-driven persona research?
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PersonaBase: Computational Resources for Data-
Driven Personas

Purpose

This repository provides computational resources for data-driven persona research and practice. It
contains links to existing datasets, a collection of prompts when using Generative Al in persona
development, and example notebooks illustrating how conventional ML algorithms can be used in
data-driven persona development.

The purpose of the repository is to advance the scientific study of data-driven personas, particularly by
advocating resource sharing and joint benchmarking of results.

NOTE: The code has been designed to run on Google Colab.

Figure 1: PersonaBase includes computational resources for
learning and further developing DDP methods. The files of
the repository are in https://github.com/joolsa/PersonaBase.

As a contribution of this work, we introduce PersonaBase (see
Figure 1), a computational resource repository to advance DDP re-
search by providing shared datasets, generative Al prompts, exam-
ple computational notebooks for persona development and evalua-
tion, and standardized resources to enable reproducible benchmark-
ing and collaborative scientific study within the persona research
community. To our knowledge, PersonaBase is the first attempt
to systematically aggregate and organize computational resources
specifically for DDP benchmarking purposes. Although individual
resources exist in fragmented form (as we catalog in this work), no
prior effort has provided an integrated benchmarking infrastructure
for the DDP community. We note that PersonaBase constitutes
an initial benchmarking framework and resource repository—not
a fully established, community-adopted benchmark in the con-
ventional sense—intended to enable and encourage standardized
evaluation in DDP research.

We are targeting two “personas” with this contribution (see
Figure 1): (1) novice persona researchers seeking guidance on how
to generate and evaluate DDPs and (2) expert persona researchers
seeking to improve the state-of-the-art.

For novice researchers getting started with DDPs, PersonaBase
provides practical example notebooks that demonstrate the appli-
cability of ML algorithms to DDP development, along with ready-
to-use datasets that enable experimentation without first collecting
their own data. Overall, the value proposition for the novice persona
researcher is that PersonaBase helps them learn DDP development
by applying computational resources to their own use case.

For expert researchers seeking to improve the state-of-the-art of
DDPs, PersonaBase provides a shared foundation for benchmark-
ing new methods against existing approaches using standardized
datasets and metrics, for which we list and provide example code.
The repository facilitates resource sharing, enables researchers
to build on previous work, provides diverse datasets for testing
novel techniques, and contributes to the development of common
standards in DDP research.
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2 Conceptual Underpinnings

Shared resources create a common vision and scientific understand-
ing for comparing methods, measuring progress, promoting repro-
ducibility, and providing a more structured entry point for new-
comers to learn how to contribute. This vision is collective and
legitimate within the NLP research community [23]: researchers
are aware of it, accept it, and act upon it.

Benchmarking in NLP tends to be based on a few core compo-
nents that establish a framework to objectively evaluate scientific
contributions (see Table 1). In general, benchmark datasets define
on what tasks models are tested, and metrics define how model per-
formance is measured on those tasks [40]. In NLP benchmarking, a
task is a specific, well-defined natural language problem with asso-
ciated data and evaluation metrics [28], designed to test a particular
capability of an NLP model (e.g., translation, question answering,
sentiment analysis). Specific tasks, benchmark datasets, and metrics
are common knowledge within the community. For example, every
professional NLP researcher is expected to know the field’s basic
tasks, benchmark datasets, and metrics. This helps create a common
conceptualization of the field and aligns the researchers’ efforts
to contribute to well-defined problems with measurable success.
These problems are commonly decided to be worthy of pursuit.

Table 1: Benchmarking resources and practices in computa-
tional research.

Component What it is

Task The specific problem the core contribution is in-
tended to solve.

Datasets The data used for testing the core contribution on
the defined task. Typically, this would be the data for
DDP development.

Metrics The quantitative measure(s) used to assess how well
the core contribution performs the task on the test
dataset.

Baselines Existing, well-understood models, algorithms, or sim-

pler methods used as a point of comparison for the
given task.

Furthermore, it is vital to observe that computational resources
can also be combined into benchmark suites, which are based on
the logic that evaluating a range of tasks provides a more robust
measure of general language understanding [41]. Computational
techniques contribute to several stages of DDP development [18],
so performance should be evaluated separately for each task using
appropriate metrics, after which an overall performance interpreta-
tion of the suggested method(s) should be provided. However, most
prior work reports only one part of the DDP generation process,
typically the segmentation part, such as clustering [6], with few
articles testing multiple DDP development tasks [21].

The increasing involvement of researchers with NLP and ML
backgrounds in DDP efforts is exerting more pressure toward more
rigorous approaches in DDP development and evaluation. For ex-
ample, Li et al. [24] propose four pathways to a more rigorous
approach to persona development: (1) building frameworks to de-
termine standard persona attributes, (2) establishing theoretical
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and empirical groundwork for the design of persona profiles, (3)
generating datasets and evaluation standards to test and improve
persona creation techniques, and (4) promoting cross-disciplinary
collaboration with application-specific assessment of potential risks
and biases inherent in persona generation processes.

A prerequisite for meaningful benchmarking is a conceptual
understanding of what constitutes a “good” persona—that is, the
desirable traits or desiderata that personas should exhibit. Prior lit-
erature suggests several quality dimensions, including consistency
(internal coherence of persona attributes), diversity (representation
of varied user segments), coverage (how well the persona set ac-
counts for the underlying user population), and fairness (equitable
representation of demographic groups) [18, 37]. As long as these
desiderata can be quantified and personas measured along these di-
mensions, different persona sets obtained through different creation
processes can be objectively compared. PersonaBase’s evaluation
notebooks (PE01a-PE06b) operationalize these quality dimensions,
and we return to this discussion in Section 3.2.

3 PersonaBase

3.1 Taxonomy

We developed a taxonomy for organizing DDP resources through a
process grounded in NLP benchmarking conventions. Specifically,
we mapped the established NLP benchmarking components—tasks,
datasets, metrics, baselines (see Table 1)—onto the DDP domain,
identifying Persona Development (PD) and Persona Evaluation (PE)
as two primary task types. We then extended this framework with
resource types specific to DDP research that emerged from our
systematic review of HCI venues and computational repositories:
Datasets (DS), Prompts (PP), Systems (PS), and Repositories (PR).
In this taxonomy, the first two letters indicate the resource type,
followed by a numerical identifier and a letter suffix denoting the
data source. The suffix ‘a’ signifies that the resource uses simulated
or synthetic data, while ‘b’ indicates it employs real, anonymized
data. For example, PD@1a refers to a Persona development resource
that utilizes simulated data, whereas PEQ3b is a Persona evaluation
resource that uses real anonymized data.

3.2 Computational Notebooks

At the time of writing, PersonaBase contains 11 notebooks divided
into two types: (1) five persona development (PD@1a-PD05a) and (2)
six persona evaluation notebooks (PE@1a-PE@6b). The notebooks
were generated using Claude 4-Sonnet, with prompting provided
by the lead researcher (Associate Professor), who has multiple years
of experience with computational techniques and DDPs. The lead
author first verified the code and its outputs, and in case of any
inconsistencies, Claude was asked to provide fixes. Second, the code
was verified by a PhD researcher with multiple years of industry
experience in programming and data science. As such, the code
in the notebooks we provide was validated by a human expert.
We acknowledge that formal error rates were not tracked during
this process, which is a limitation; however, the two-stage human
verification ensures that the released code is functionally correct
and produces the expected outputs.
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In terms of content, the persona development notebooks (PD@1a
to PD@5a) demonstrate five algorithmic approaches to persona gen-
eration, including non-negative matrix factorization for YouTube
audience behavior (PD@1a), clustering analysis (PD@2a), principal
component analysis (PD@3a), Gaussian mixture models (PD@4a), and
LLM-based methods (PD@5a). The evaluation notebooks demon-
strate multiple ways to assess persona quality by computing and
analyzing metrics, including measuring user perception on the per-
sona perception scale (PE@1a), quantifying diversity of personas
(PE@2a), analyzing the relationship between persona set size and
dataset coverage (PE@3a), and tracking behavioral metrics in interac-
tive persona systems (PE@4a). The evaluation notebooks benchmark
different segmentation techniques (PE@5b) and a unified evaluation
approach (PEQ6b) that combines fairness, diversity, coverage, and
consistency metrics to compare persona generation methods across
varying set sizes, demonstrating how to select persona creation
methods based on empirical evidence.

Overall, the notebooks address the gap in standardized baselines
and reproducible methods by demonstrating five algorithmic ap-
proaches to persona generation (PD@1a-PD@5a) and six evaluation
frameworks (PE@1a-PEQ6b) with executable code that researchers
can directly replicate and adapt.

3.3 Datasets

To find DDP datasets, we searched computational repositories
(GitHub, Kaggle, HuggingFace) for datasets that mention personas.
We included all the HCI-related datasets we could find and a sample
of the NLP-related datasets!, as involving all of them would not
serve this study’s purpose for building HCI-oriented resources for
DDP development. As such, PersonaBase contains 12 datasets that
can be used for developing and evaluating personas, as well as for
tasks like updating persona sets. The metadata about these datasets
includes (1) ID, (2) Dataset name, (3) Year released, (4) Description
Realness (synthetic or real), (5) Domain type (HCI, NLP/ML, Other),
(6) Content type, and (6) URL to dataset.

Inspecting the datasets in PersonaBase suggests a change from
real, human-generated persona data in the early period (2011-2018)
to predominantly synthetic, Al-generated personas from 2023 on-
ward, with 9 of the 12 datasets (75%) released in the most recent
two years (2023-2025), suggesting an accelerating trend toward
synthetic persona generation coinciding with advances in LLMs.
Consistent with this, the distribution of datasets indicates a divide
between real (n = 3, 25%) and synthetic (n = 9, 75%) data, with all
real datasets published before 2023 and all synthetic datasets emerg-
ing from 2023 onward. Moreover, the datasets are predominantly
oriented toward NLP/ML applications (n = 8, 67%) compared to
HCI-focused uses (n = 4, 33%), reflecting the focus of the NLP field
on conversational Al and language model alignment rather than
user experience or usability.

For this same reason, many of the datasets actually contain brief
text snippets that are presented as “personas”, or a set of structured
data containing attributes like demographics, hobbies, etc. There

'We are aware of the fact that our inclusion of NLP/ML datasets mentioning personas
is not comprehensive; however, it is adequate for making the analytical reasoning that
we do. For a more thorough review of NLP/ML persona datasets, we direct the reader
to Chen and colleagues’ review of 22 datasets used in personalized dialogue research

[9].
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are only two datasets (DS@1 and DS@3) focused on persona develop-
ment; that is, containing individual or grouped data about people
toward the purpose of using that data to develop personas, with the
two other HCI-focused datasets developed for analyzing immersive
deepfake personas (DS@6)—that is, personas that use Al-generated
synthetic faces (deepfakes) as profile images or video presentation
of the persona rather than stock photos or illustrations—and demo-
graphic and other biases in LLM-generated personas (DS@9). The
rest of the datasets contain personas in three types: (1) persona
descriptions (n = 5, 42%), (2) persona dialogues (n = 4, 33%), and (3)
deepfake personas.

The datasets also exhibit a clear evolution in scale and com-
plexity, from early small-scale collections with simple biographical
facts (e.g., Persona-Chat’s (DS02) 4-5 sentence profiles across 10K
dialogues) to recent massive repositories containing millions of
multidimensional personas with rich demographic grounding, psy-
chological attributes, and domain-specific expertise (e.g., Person-
aHub’s 1 billion personas (DS11)), Nemotron’s 100K personas with
16+ attributes (DS10)).

Third, coupled with the synthetic nature, there is often a pro-
nounced strive for diversity, with many of the datasets explicitly
mentioning the idea of “being aligned with real populations” (DS@8)
and representing diverse perspectives (DS07, DSQ9, DS11)—this
is a clear departure from the “handful of personas” that “describe
the average users” paradigm in classic persona development (DS@1,
DS03). Fourth, while previous persona profiles consisted of approx-
imately 5-15 attributes [30], these novel computational personas
include a clearly higher number of attributes (e.g., 32 (DS10) and
90 (DS12)), which are typically provided as structured data, not as
persona profiles “of old”. This, again, is a consequence of novel
persona generations’ strive to represent diversity better than the
handful of personas commonly generated previously [19]. From
an HCI perspective, the increase in the number and complexity
of personas imposes new interaction challenges because persona
users can easily struggle with the information overload related to
large persona sets [22]. To this end, DDP researchers emphasize
the need for making personas more accessible and navigable by
enabling search, filtering, and categorization of personas [20, 37].

We also note additional recent datasets relevant to DDP research,
such as the PersonaGen dataset by Gugliotta et al. [15], which pro-
vides persona-driven machine-generated text. Such datasets further
illustrate the rapidly evolving landscape and the need for a repos-
itory that is continuously updated. Overall, the persona datasets
collected for PersonaBase address the gap in shared, standard-
ized data for benchmarking by providing both synthetic and real
anonymized datasets that enable researchers to test and compare
persona generation methods without proprietary data.

3.4 Systems

We reviewed prior DDP research from high-ranking HCI confer-
ences, including ACM CHI, IUI, UIST, UMAP, and DIS, to identify
articles that develop persona systems. Through this process, we
identified 19 systems. In the PersonaBase repository, we recorded
the following information about each system: (1) ID, (2) Name of
system, (3) Year introduced, (4) Description, and (5) URL. These
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systems can serve as baselines for comparison or inspiration for
further DDP development.

Investigating these systems, we can observe a dramatic accel-
eration in development since 2023, with only two systems (11%)
introduced before 2023 compared to 17 systems (89%) emerging
from 2023 onward. This is likely associated with the widespread
availability of LLMs and the resulting explosion of automated per-
sona generation capabilities across diverse application domains. The
systems exhibit a trajectory from early specialized data-processing
tools handling specific input types—such as APG’s PS@1 social me-
dia analytics (2018) and S2P’s PS@2 survey data focus (2022)-to
the post-2023 explosion of LLM-powered frameworks that include
interactive simulations (e.g., PS@4), multimodal persona creation
combining text, image, and video (PS05), domain-specific applica-
tions (e.g., PS06 for requirements engineering, PS17 for accessibility
needs, PS19 for audience simulation), and collaborative workflows
(PS13, PS14, PS16).

Five of the systems (26%) make their source code (or parts of
it) publicly available (PS04, PS@8, PS10, PS12, and PS15) (links
available in PersonaBase). Overall, as our contribution, PersonaBase
lists, describes, and links to 19 DDP systems. This addresses the
gap in accessible persona development tools by cataloging existing
systems that span from basic data processing to LLM frameworks,
enabling researchers to learn from, benchmark against, and build
upon existing work.

3.5 Prompts

Due to the apparent influence that LLM technologies have had on
DDP research and practice, we decided to include prompts (i.e.,
instructions for automated persona generation using LLMs) as part
of PersonaBase. For this, we extensively reviewed articles pub-
lished in HCI top venues since the introduction of LLMs, and we
also included arXiv publications in this search because some of the
articles reporting persona prompts were only available as preprints
at the time of our investigation. We found 27 articles that share
their prompts for persona development or evaluation. Using the
PersonaBase, the user can easily copy a given prompt for their
own experiments.

The Persona Generation Methods (n = 20, 74.1%) prompts focus
on approaches for generating personas. We manually categorized
these into five categories, which are (1) direct generation prompts
such as PP@2’s skeletal persona creation followed by expansion, (2)
demographic-driven synthesis (e.g., PP@5), (3) attribute-based gen-
eration (e.g., PP10), (4) two-stage summary-to-detailed approach
(e.g., PP27), and (5) iterative workflow-based generation methods
like PP11’s multi-stage process combining interview analysis with
trait extraction, PP21’s rule-based validation workflow, and PP25’s
thematic analysis pipeline. The Persona Evaluation and Application
prompts (n = 7, 25.9%) focus on using, evaluating, or interacting with
already-generated personas. This includes evaluation frameworks
such as coherence and consistency rating prompts (e.g., PP04), qual-
ity assessment metrics (e.g., PP12), and persona validation based
on user perceptions of personas (e.g., PP14). Some prompts are
integrated into complete interactive persona systems like PP18’s
audience understanding tool with chat-based persona interaction,
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PP23’s emotion-driven conversational personas, and PP24’s writer-
defined feedback generation. Overall, researchers can use prompts
in PersonaBase as starting points in their own projects rather than
developing prompts from scratch.

3.6 Repositories

During the development of PersonaBase, we identified other com-
putational resources on GitHub concerning DDPs. We decided to
list these, along with their metadata, including (1) ID, (2) Repository
name, (3) Year, (4) Description, (5) Contains code, (6) Contains data,
(7) Associated with a research paper, and (8) URL. These repositories
illustrate how to set up computational repositories for DDP projects.
Inspecting the repositories, we can observe a progressive matura-
tion from 2019 to 2024, evolving from documentation-focused ef-
forts (PRO1 providing descriptive role profiles) and foundational re-
sources (PRO2 survey templates and image libraries in 2021) toward
increasingly sophisticated computational approaches, including
algorithmic comparison frameworks (PR3, PR@4), Al-automated
generation tools (PR@5, PR06), and recent advanced integrations of
LLMs with human-AI collaborative workflows (PR@7) and special-
ized analytical methods (PR@8). There is a notable trend showing
that 75% (6 of 8) repositories include executable code, 63% (5 of 8)
provide datasets, and 75% are associated with research publications,
reflecting sound practices in providing reproducible, data-driven,
and rigorous persona development methodologies.

4 Formative Evaluation Study

4.1 Approach

To evaluate PersonaBase, we conducted semi-structured Zoom
interviews of four persona experts with different levels of experi-
ence with DDPs (see Table 2). We emphasize that this evaluation
is explicitly formative—its purpose is to identify improvement di-
rections for PersonaBase rather than to validate community-wide
standards. Formative evaluations with small expert samples are an
established practice in HCI to obtain early-stage feedback on re-
search prototypes [29]. The four experts were purposefully selected
to represent our two target user groups: two are experts in DDPs
specifically (E01 and E03, corresponding to the “expert persona” we
had defined), while two are less versed in DDPs and more geared
toward traditional design personas (E02 and E04, corresponding to
the “novice persona” we had defined).

Despite the small sample, the experts exhibit thematic conver-
gence in five themes, providing consistent feedback on issues such
as entry barriers, evaluation challenges, and community building
needs. All had computer science or HCI degrees and both industry
and research experience, with current focus on academic research.
The identification of the experts was based on published research
on personas, and they were recruited by direct messages requesting
feedback on developing computational resources for persona devel-
opment. We first asked the experts about their persona experience
and computational resource experience; we then walked the experts
through PersonaBase by screen sharing and asked their feedback,
especially on how the repository could be further improved.

The sessions lasted about half an hour each (M = 35.5, SD = 14.8
minutes), and they were moderated by the lead author. The sessions
were recorded with the participants’ permission and transcribed
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for further analysis. The study moderator took notes during the
sessions and analyzed the transcripts using Claude 4.5-Sonnet, a
process that included asking Claude to summarize the sessions and
then manually verifying the summaries by reading them line-by-
line and editing them for factual accuracy. We acknowledge that
this pragmatic analytical approach—Claude-assisted summariza-
tion followed by manual verification—does not constitute formal
thematic analysis with inter-rater reliability. However, we consider
it appropriate for the exploratory, formative purpose of this study,
where the goal is to identify expert concerns and improvement
suggestions rather than to produce a definitive coding of themes.
We encourage future work to conduct larger-scale evaluations with
structured coding frameworks. The summary findings, based on the
session recording transcripts and moderator notes, are presented
in the following subsections.

ID  Nationality Age Gender DDP? CREP
E01  South Korea 30s  Female High High
E02 China 20s  Female High High
E03 USA 60s  Male High Medium
E04 Turkey 30s  Male Medium Medium

Table 2: Expert demographics and expertise. 2DDP Experi-
ence. bComputational Resource Experience.

4.2 Entry Barriers and Guided Discovery

Experts identified the challenge of helping users get started with
PersonaBase, particularly when thinking of the experience from
the perspective of those new to DDPs or from non-computational
backgrounds. E01 recalled that when first learning about DDPs, “it
was very hard to imagine about what kind of persona outcome there
should be,” pointing out the cold start problem that novices face
when approaching an unfamiliar resource landscape. E04 echoed
this concern, asking “What is the pipeline? Where do I start, right?
And what should I expect at the end?” and suggesting that prereq-
uisites be made explicit—“If you never use Python, don’t bother,
right?”—to set appropriate expectations. E03 observed that the
repository “is definitely set up for the computational persona re-
searchers” and that many persona researchers would find it “beyond
their capability and not really even in their paradigm,” implying
that PersonaBase is currently more oriented for technical DDP
research community.

To increase the accessibility of PersonaBase, experts proposed
various forms of interactive navigation. E02 suggested search and
filtering features so that “the user can come in and even their intent
is very vague” and still receive guidance, warning that without such
mechanisms users “will feel a little bit overwhelmed because I as-
sume the list of everything will still like growing and growing.” E01
similarly recommended “visualizations or more interactive ways”
of providing information beyond the static GitHub format. E04
proposed a chatbot interface and FAQ section addressing questions
like “I have this type of data, what can I do?” to help users match
their specific situations to appropriate resources.
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In response to this feedback, we improved PersonaBase with a
FAQ file containing step-by-step information, a “Getting Started”
guide mapping user backgrounds to appropriate entry points, and
clear documentation of prerequisites. While some computational
literacy is inherently required for computational DDP resources,
these additions aim to lower the barrier for researchers transitioning
from qualitative to quantitative persona methods.

4.3 Contextual Configurability

Experts emphasized that persona attributes, methods, and evalu-
ation criteria must vary based on domain, purpose, and organiza-
tional context, complicating standardization efforts. EO1 noted that
their own work “deliberately excluded traditional demographics
like gender in favor of focusing on users’ potential jobs and in-
terests,” illustrating how purpose shapes attribute selection. They
proposed persona templates as a solution to both “the attribute se-
lection (i.e., what information to select for personas) and the infor-
mation presentation (i.e., how many attributes to select) problems,”
suggesting that domain-specific starting points like e-commerce
or writer-focused templates would help researchers overcome the
“blank page problem.” They recommended that these aspects be
improved in PersonaBase.

However, E01 also acknowledged fundamental limits to stan-
dardization: “even within a specific domain, datasets and use cases
vary, which hinders standardization” The experts expressed un-
certainty about whether comparative tables mapping personas to
goals would be “actually meaningful for reproducing them” given
the complexity introduced “not only the method, but also data part”
This suggests that the experts think there is a trade-off between
structured guidance and the reality of contextual variation, which
implies that PersonaBase must balance standardization with some
form of flexibility or configuration, perhaps by documenting the
scope of purposes for each resource rather than prescribing univer-
sal approaches.

4.4 Support for Evaluation

Experts repeatedly referred to DDP evaluation as a key challenge, so
that there is uncertainty about appropriate metrics, baselines, and
judging approaches. E01 noted that despite including notebooks for
diversity, coverage, and perception analysis, fundamental questions
remain about appropriate baselines: “For persona task, it’s really
hard to have the correct baseline. So because like, is it a human
reflecting the real world or is it using the different method with
generation task, like computation method, or is it designers should
design for personas?” E02 similarly expressed difficulty navigating
evaluation options: “it’s very hard to find a kind of metrics... and
also it’s very context dependent,” suggesting that PersonaBase
could better guide users toward appropriate evaluation approaches
for their specific contexts.

Regarding automated evaluation, E01 shared experiences with
LLM-based assessment that achieved only “approximately sixty
percent agreement with human evaluators,” leading them to advo-
cate for “human Al collaboration approach for evaluation” where
LLMs serve as first-stage filters followed by human judgment.
They suggested PersonaBase’s evaluation resources could incor-
porate such hybrid approaches, noting that “persona will be more,
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much more subjective” than other evaluation tasks. E03 proposed
that PersonaBase could help establish shared evaluation standards
through computational competitions, suggesting metrics focused
on “efficiency metrics like computational cycles, processing speed,
or coverage measures such as the proportion of outliers not cap-
tured by generated personas.” However, they acknowledged that
formalizing such benchmarks requires careful attention to context-
setting, which PersonaBase could help standardize.

4.5 Target Audience Definition

Experts raised questions about the repository’s target audience
and strategies for ensuring adoption. E03 distinguished between
researchers and practitioners, noting that the repository “appears
more geared toward researchers because practitioners typically
have their own approaches, contexts, and proprietary data, making
shared datasets less relevant to their needs.” E01 observed a poten-
tial mismatch between positioning and content, suggesting that
“the materials seem oriented toward novices learning about DDPs
rather than experienced researchers seeking advanced resources.”

For dissemination, E03 emphasized proactive outreach: “I really
would encourage the marketing aspect of it to make, to get it, get
it out there in front of researchers and practitioners, maybe a lot
of computational practitioners that may be interested in the code
internally for their companies” They recommended establishing
a dedicated website rather than relying solely on GitHub and sug-
gested that publications describing the resource would prove essen-
tial for building community awareness. E02 responded positively
to learning about human curation, stating that manual verification
made the repository “feel more trustworthy compared to automated
paper collectors that lack quality control”

4.6 Community Building

Experts envisioned extending the repository’s value through inter-
activity, competition, education, and generative applications. E03
advocated for competition-based mechanisms, drawing parallels
to SemEval workshops: “doing something like the Semaval folks
did might be a good approach, where, kind of incur, running work-
shops and competitions in these computational persona areas to
get persona folks to use it” Such competitions would transform
PersonaBase from a passive collection into an active research com-
munity with shared evaluation standards.

Educational applications also emerged as a promising direction.
E03 noted that “if I was teaching, this would be a great benefit. I
mean, all the data is already collected, the algorithms are there.
I could assign every student or a team of students a different al-
gorithmic approach,” suggesting the repository could “jumpstart
the creation of such courses” by reducing preparatory overhead.
E04 proposed video-based workflow demonstrations showing “the
full pipeline, starting with articulating aims and purposes, evaluat-
ing whether available data suits the intended analysis, considering
algorithmic choices, and (...) producing finished personas.”

Finally, E03 introduced generative applications, suggesting that
validated datasets could help researchers “supplement their own
data collection when they discover gaps” and that “researchers
could potentially use LLMs in combination with existing PersonaBase
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datasets to generate synthetic data for missing variables.” This posi-
tions repository resources not merely as benchmarks but as building
blocks for data augmentation in new research projects.

5 Discussion

5.1 Research Implications

Our findings suggest that DDP research has benefited a great deal
from computational resources. For example, researchers typically
use pre-existing data science algorithms for persona generation,
including k-means, PCA, LDA, LSA, and so on (see review in [35]).
All of these algorithms have been developed and made publicly
available by researchers outside the persona development domain,
stemming from problem spaces other than user representation, seg-
mentation, or persona generation. Therefore, DDP research has
effectively appropriated research and development in open science;
yet, it has contributed little back and often applies methodologies
that were not tailored for the specific purpose of persona develop-
ment. It can be argued that persona generation, as a set of com-
putational tasks, differs from both general data segmentation that
generic data science algorithms typically support and even from
other types of user segmentation because personas are more com-
prehensive than contextually limited user segments.

Therefore, integrating computational approaches into persona
development seems inevitable for the maturity of the DDP field.
Computational approaches offer potential gains in scalability and
replicability that manual processes cannot achieve, particularly
when addressing diverse, global user bases or rapidly evolving prod-
uct ecosystems [18, 27]. In addition to supporting scientific progress,
development of computational resources also helps communicate
state-of-the-art results in a field [16]. For example, given the lack
of established benchmarks for DDP development, we cannot say
which methods are better than others; and we cannot determine
how far we are from reaching the best results. We cannot even
determine, with objective measures, whether the field has evolved
since DDPs were first introduced as a concept [26], because we have
no standards to compare against! PersonaBase (and contributions
of similar nature) aims to nudge the research community toward
the development of such standards. Without shared standards, re-
searchers risk being locked in perpetual reinvention of the wheel,
i.e., each developing their own persona development method that
ultimately achieves the same result than previous methods.

A key challenge is that computational contributions in DDP
research are limited not only in terms of availability but also in
terms of mindset, meaning that researchers in this space are not col-
lectively pursuing performance improvements using shared tasks,
datasets, and metrics. This fragmentation likely hampers scientific
progress in DDPs, although proving that is rather difficult. It is
more easily observable that DDP researchers often rely on their
own task definitions, datasets, and metrics rather than trying to
find common ground.

Our formative evaluation with four persona experts suggests that
the current absence of computational resources, especially regard-
ing benchmarks and examples, actually hinders both novice and
expert researchers, making it difficult to learn from previous work or
determine whether new methods represent genuine improvements.
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On the other hand, the experts articulated that thoughtfully de-
signed computational resources can make DDP methods more acces-
sible while preserving—or even improving—the possibility for con-
textual, qualitative interpretation. To this end, PersonaBase aims to
support robust benchmarking practices while explicitly providing
diverse evaluation frameworks. Practitioners and researchers are
encouraged to visit and contribute to the PersonaBase resources
in the online repository?.

Finally, in 2018, Duda posed the question, “who owns personas?”
[12]. She was referring to the differences between how HCI and
marketing professionals use personas. At present, this question
can be posed from perspective of computational techniques dom-
inating the conceptual space of personas, which can yield a rift
between computationally oriented (“technical”) and qualitatively
oriented (“traditional”) persona researchers®. We believe that a
solution to this rift is designing persona research in a way that
incorporates qualitative ideas and research traditions when im-
plementing new technologies in persona development. In turn,
qualitative approaches could also benefit from adopting ideas from
the computational side of personas, for example, using LLMs to
facilitate the analysis of unstructured data for persona generation
[11]. Resolving the (largely unnecessary) rift between quantita-
tively and qualitative oriented persona researchers could help to
build a stronger community for persona research in HCL

5.2 Risks of Standardization in Persona
Research

An important consideration in developing computational standards
for DDPs concerns the ethical and societal implications of formal-
izing such standards. Benchmarking standards can shape research
practices and, consequently, the representations of users that per-
sonas embody. For example, there is a risk that standardized met-
rics may inadvertently privilege certain user representations, such
as optimizing for demographic coverage leading to exclusion of
marginalized groups that are underrepresented in training data.
Similarly, the heavy reliance on synthetic persona datasets (75% of
datasets in PersonaBase) raises concerns about bias amplification,
where biases present in LLM training data propagate into bench-
mark datasets and, through computational methods, into deployed
personas [3]. PersonaBase partially addresses this risk through
the inclusion of fairness as a benchmarking dimension in the com-
putational and by cataloging datasets that explicitly address bias.
Nevertheless, the DDP community should remain vigilant about
the risk that computational resources inadvertently encode norma-
tive assumptions about user representation, and the field should
incorporate ongoing ethical review of its standards and resources.

There is also a systemic risk that excessive ‘benchmarkification’
could lead to metric gaming rather than genuine progress if im-
plemented carelessly (owing to the old adage, ‘a measure seizes to
be good when becoming a target’). However, our findings suggest

2https://github.com/joolsa/PersonaBase

3There is also another way to frame the “who own personas” question, which is HCI
versus NLP. Interestingly, some HCI researchers consider the NLP usage of the term
misleading because NLP personas are too “thin”. For example, E04 referred to this as
concept abuse and voiced a strong opinion, “So maybe they [NLP researchers] need to
call it something else, not persona.”
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overall Rankings:

Y 1. spectral 72.65/100
Y 2. NMF 58.11/100
Y 3. Pca 53.45/100
4. UMAP 43,15/100
5. Clustering 33.17/100

€2 OVERALL CHAMPION: Spectral
Average Aggregate Score: 72.65/100

()
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Where do | start?
It depends on your goal:

Your Goal Start Here

I want to learn how to create Start with the persona development notebooks (PD01a-PD05a). PD02a (clustering) is a good

data-driven personas first notebook if you are new to DDP methods.

| want to evaluate personas |
have already created

Start with the persona evaluation notebooks (PE01a-PEO6b). PEO6b provides a unified
evaluation combining fairness, diversity, coverage, and consistency.

| want to generate personas
using LLMs

Browse the prompts collection (PPO1-PP27) for ready-to-use prompts, or see notebook PD05a
for an LLM-based persona generation workflow.

| want to compare persona See PEO5b for benchmarking segmentation techniques and PEO6b for a leaderboard-style

generation methods comparison of five methods.

| want to find a dataset to Browse the datasets listing (DS01-DS12). DS01 and DS03 contain user data for persona

development; others contain pre-built personas.

experiment with

I want to explore existing Browse the systems listing (PSO1-PS19). Five systems have publicly available source code

(PS04, PS08, PS10, PS12, PS15).

(b)

persona systems

Figure 2: Artifacts developed based on the formative evaluation study: (a) Leaderboard example from PersonaBase (PE06b) that
we developed following the formative evaluation study. This notebook tests five different algorithms in persona generation task
on multiple evaluation criteria, including accuracy, consistency, diversity, and coverage, and reports the average performance
score. (b) Excerpt from the Frequently Asked Questions added based on the formative evaluation study.

that the greater risk currently facing DDP research is not over-
standardization but rather the absence of shared evaluation stan-
dards, which prevents cumulative knowledge building and makes
it impossible to distinguish methodological progress from mere
proliferation. The solution is not to completely avoid benchmark-
ing, but to develop benchmarking practices that preserve holistic
evaluation of personas and their effects on real-world outcomes
while facilitating systematic comparison.

5.3 Future Research Directions

Hardy et al. [16] argue that effective benchmarks must offer realistic
evaluations (1) grounded in real-world scenarios, (2) integrate rele-
vant domain knowledge, (3) clearly communicate their scope and
objectives, (4) assess varied tasks, (5) provide sufficient difficulty
to prevent rapid expiration, and (6) consider multiple performance
dimensions instead of depending on singular metrics. Although
PersonaBase addresses some of these criteria, more work remains
to be done. In the following, we propose future research directions
(RDs) that we believe would benefit the research community.
RDO1: Successful resource analysis. The availability of re-
sources can accelerate research and development of DDPs by simpli-
fying implementation and experimentation, as seen in NLP. There-
fore, investigating the history of NLP resources could yield im-
portant insights for computational resource development in DDPs
(and HCI, more broadly). This could include, for example, analyz-
ing BLEU (33,115 citations in Google Scholar as of April 2025) and
ROUGE (19,393 citations in Google Scholar as of April 2025) to
investigate what made them successful in NLP and what could be
learned from their success when building DDP resources. Perhaps
we should interview the creators of these resources to try and under-
stand why the resources were successful, and suggest some broader
“critical success factors” that could be applied by DDPs and beyond.
At the same time, it is also worth acknowledging that benchmark-
ing in other disciplines is not “perfect, either. The reader might
have gotten the impression that everything is ideal in NLP, but in
reality, benchmarking practices are under debate and periodically
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flux in NLP, too. For example, many benchmark datasets became
redundant or require updating in the wake of radical improvements
in GenAl technologies. Therefore, benchmarking requires constant
attention and corrective measures from the research community.

RDO02: Gaps and opportunities in resource dissemination.
The experts emphasized that example implementations of DDPs
remain “out of reach for a lot of researchers, especially persona re-
searchers who have been primarily qualitative” (E03). This implies
an accessibility barrier in which computational specialists can lever-
age cutting-edge techniques in DDP development, while qualitative
researchers cannot participate as easily. PersonaBase’s notebooks
provide documented, executable code that lowers technical barriers
for researchers from non-computational backgrounds. Neverthe-
less, the effort to make computational resources more accessible for
DDP researchers and practitioners requires ongoing maintenance
as the DDP field continues its evolution and production of new
computational resources.

There are at least three knowledge dissemination gaps that re-
quire in-depth investigation. First, the knowledge from DDP re-
search to persona practice does not seem to transfer effectively. One
can observe practitioners creating personas using poor methodolo-
gies and developing antipathy toward the persona technique, as
a consequence. For example, using DDPs in companies involves
several organizational roles, including designers, researchers, devel-
opers, and managers who have different entry points and levels of
methodological understanding. Ensuring the participation of multi-
ple stakeholders needed for computational resource development
requires a “buy in,” which in turn requires communicating the need
for these resources (and DDPs) in plain language. Second, the knowl-
edge between DDP research and supporting fields (for example,
NLP and ML) does not transfer effectively. For example, DDP de-
velopment overlaps with practices in specific computational tasks,
for example, clustering is well studied in computational bench-
marking. What can be learned from those studies to make persona
segmentation a benchmarkable task? The third aspect here is the
broader concept of usability of computational resource repositories;
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in platforms like GitHub, navigability and usability of computa-
tional resource repository are not often considered or optimized
for. Yet, our experts indicated a clear need for usability factors in
computational software repositories, which highlights an important
avenue for future research, not only applicable to PersonaBase but
to other broad computational resource repositories, too.

RDO03: Boundaries for benchmarking in DDP research. Fu-
ture research should also critically examine any conflicts between
benchmarking activities and the “nature” of HCI and DDPs in terms
of providing insights for decision making through the mechanism
of user representation. Possible conflict points are, among others,
standardization versus contextualization, quantitative versus quali-
tative assessment, and immediate versus longitudinal evaluation.
Furthermore, the experts’ concern about researchers “re-trudging
ground that earlier qualitative researchers have already done” (E03)
verbalizes knowledge transfer challenges when computational re-
searchers enter the DDP domain without knowledge of its history.
This can result in inefficiency in which computational innovations
rediscover already established best practices, or fail to do so, thereby
losing the opportunity to incorporate hard-won domain knowledge
into new DDP approaches. Repositories like PersonaBase could
address this challenge by including curated references to the foun-
dational persona literature, perhaps with annotations explaining
how established principles relate to computational methods. For
example, linking algorithmic diversity metrics to discussions of
persona set completeness would help computational researchers
better motivate technical choices in the light of persona theory.

RD04: Community building around tooling. Resource devel-
opment should be approached as a community effort rather than
a straightforward technical implementation. This is because the
underlying “glue” that holds effective benchmarking together is the
community. Without a community with a shared understanding of
tasks, datasets, metrics, and baselines, there cannot be a joint effort
in progress that utilizes those resources. This means that “getting
benchmarking going” in DDPs is largely a mission that requires
social actions, such as events (e.g., workshops, challenges), pub-
lication opportunities (e.g., special issues, mini-tracks), and joint
coordination (e.g., research projects, labs). But how are research
communities built around computational resources? Again, this
remains an interesting and impactful question for future work,
in which experiences from senior members of the computational
sciences community can be of great value.

6 Conclusion

Our investigation indicates that DDP research faces several chal-
lenges in its development into a mature field. The field’s compu-
tational tasks have not been formalized sufficiently to enable sys-
tematic investigation approaches. Metrics remain fragmented with
few widely adopted standards. Researchers frequently apply similar
methods that could function as baselines, but these require explicit,
systematic usage that is currently missing. Research tends to favor
interpretative studies over experimental designs, limiting method-
ological rigor. Code and data sharing practices, albeit present in the
literature, are not actively leveraged to reproduce results. Finally,
the community lacks norms that would encourage benchmarking
practices. To address these matters, in this work, we have proposed
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adopting practices from other computational sciences. We have
suggested specific areas of computational resources that the field
should pursue and outlined directions for future efforts, including
(1) clearly defining the computational tasks involved, (2) establish-
ing evaluation frameworks and metrics, (3) developing tools and
platforms, (4) curating benchmark datasets, and (5) formulating
principles for the responsible use of “unpredictable” technologies
such as GenAl Consolidating computational resources can acceler-
ate research, improve practical application, and ensure responsible
development of next-generation data-driven personas in HCI and
adjacent fields, including the development of hypertext systems.
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