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Abstract. Context : Securing consistent user feedback is a critical yet
resource-intensive challenge in new product development (NPD). Active
Personas (APs), user archetypes powered by Generative AI, offer a novel
approach to generate realistic user feedback on demand, enabling internal
product experimentation. Objective: This study evaluates the effective-
ness of AP in generating “user” feedback by evaluating the alignment
between AP-generated feedback and actual (human) users and investi-
gates how persona and Large Language Model (LLM) choice influence
the feedback. Method : Adopting a Design Science Research methodology,
we designed and developed AP as a novel artifact. We demonstrated and
evaluated the artifact in a case of a mobile transport app, creating eight
AP instances from two personas and four LLMs. The AP-generated feed-
back was compared against human feedback from interviews and Google
Play reviews using a triangulated analysis based on Nielsen’s usability
heuristics. Results: Our findings reveal a strong alignment between AP
and human feedback, with APs effectively identifying various usability
and accessibility issues, confirming what the actual users also found. The
persona definition significantly dictated the evaluation’s criticality, and
the choice of LLM further influenced the evaluative stance. Conclusion:
APs have the potential to augment early-stage usability evaluations and
are a viable option for human users for internal experimentation, provid-
ing rapid, low-cost feedback. While they supplement, not replace, direct
human interaction, this work validates the transformation of personas
from static artifacts into dynamic, generative agents for NPD.

Key words: active personas, user personas, generative ai, user feedback,
experimentation, new product development

1 Introduction

User feedback plays a critical role in new product development (NPD) because
end users offer invaluable expertise about their lived experiences [17]. In soft-
ware engineering (SE), development teams integrate user feedback into every
phase of the NPD process, from idea validation and requirements engineering
to design, testing, and support activities [11, 30]. User feedback enables teams
to identify real-world requirements, constraints, clarify assumptions, and make
strategic design decisions [27, 30]. To structure user feedback, teams generate
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requirements engineering artifacts such as user scenarios, user stories, concept
mind maps, and user personas [25]. Among these artifacts, personas vividly cap-
ture user characteristics, foster team empathy, and help the team focus design
efforts on authentic user profiles [15, 29]. Personas also guide participant selec-
tion in usability tests, clarify assumptions, and inspire interface and experience
design decisions [8, 16]. Despite its importance, securing consistent user engage-
ment and substantive feedback at NPD stages remains challenging [16]. Relying
on a small, self-selecting group restricts the diversity of viewpoints and risks
overlooking critical requirements.

The persona technique has been promoted as a strong tool to understand the
needs of potential users. However, this technique is not widely used in the soft-
ware development industry [3]. Recently, with the emergence of Large Language
Models (LLMs) and Generative AI (GenAI), an advanced AI technology capable
of creating novel human-generated content [10], several attempts have been made
to include personalities into conversational agents in various domains, such as
mental health [1] and games [2]. Moreover, several studies have been conducted
to develop personas using LLMs [12, 20]. A study by Salewski et al. [28] showed
that GenAI provides better feedback when it pretends to be a domain expert or
persona while performing simple tasks.

To address this gap, Simaremare et al. [32] proposed the concept of Active
Personas (APs), dynamic persona instances that generate realistic user feed-
back. Unlike traditional personas, which are static design documents [8], APs
transform these descriptions into dynamic agents that can generate feedback on
demand, shifting from passive design references to active evaluation participants.

APs leverage techniques like retrieval-augmented generation (RAG) and fine-
tuning [14] to feed persona definitions into multi-modal LLMs. APs can simulate
user feedback on demand, empowering teams to rapidly build, measure, and
learn (BML) through internal experimentation without the logistical overhead
of recruiting actual users [27]. This capability would make APs particularly well-
suited for internal usability evaluations [4].

This study is built upon the AP concept [32] by answering the following re-
search question: How effective is Active Personas in generating “user” feedback?
We define effectiveness as the alignment between AP-generated feedback and hu-
man user feedback, measured using Nielsen’s heuristics. We used Skånetrafiken1,
a transportation-related application running on the Android platform, as a case.
We used four multimodal LLMs to power our APs.

This study makes contributions to research and practice. For research, our
study provides an empirical evaluation of APs as a practical method for accel-
erating internal BML cycle. For practice, by transforming personas from static
documents into dynamic, generative agents, this research offers a novel paradigm
for integrating simulated user feedback into the NPD lifecycle.
1 https://play.google.com/store/apps/details?id=se.skanetrafiken.
washington
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The remainder of this paper is organized as follows. Section 2 elaborates on
the study’s research method, followed by the results in Section 3, and discussion
in Section 4. The conclusion and future work are laid out in Section 5.

2 Research Methodology

We applied the six-phase process model as described in the Design Science
Research (DSR) [26] methodology to answer our research question. DSR is a
problem-solving paradigm focused on creating and evaluating innovative arti-
facts to solve real-world problems while contributing new knowledge.

Phase 1 & 2: Problem Identification and Solution Objectives

The problem motivating this research, as discussed earlier in Section 1, is the
significant challenge development teams face in securing consistent and diverse
user feedback throughout the NPD process. This issue is particularly acute for
resource-constrained teams, such as software startups [25]. The primary objec-
tive was to design a tool capable of generating realistic, contextualized, and
actionable user feedback on demand, thereby reducing the reliance on direct,
continuous engagement with actual human users. The solution should be effi-
cient, scalable, and capable of representing diverse user perspectives, such as
those with specific needs.

Phase 3: Artifact Design and Development

Persona Definition: We adopted and adapted two personas for this study. The
first, “Ingrid Henke,” a data-driven persona, was adopted from a prior work by
Mueller et al. [22] and adapted to emphasize the accessibility needs of a user with
a vision impairment. We used the UK Government’s guidelines for personas with
access needs2. The second persona, “Claudio Eriksson,” represents an average
user: a young adult with moderate tech skills without accessibility needs.

Model Configuration: We developed the APs using four state-of-the-art mul-
timodal LLMs: GPT-5, Claude 4, Gemini 2.5 Pro, and Llama 4 routed through
OpenRouter3 APIs. We used a temperature of 1.0 for each model to balance
between creativity and accuracy.

Active Persona Creation: We created eight AP instances, each is a unique
combination of a persona (Ingrid or Claudio) and an LLM. We instantiated
each persona within its respective model by using a system prompt that applied
a speaker-specific role approach [35]. In the prompt, we directed the LLM to
scope its knowledge and reasoning proportionally to the persona and to respond
in a speaking-like tone.
2 https://alphagov.github.io/accessibility-personas/
3 https://openrouter.ai/
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Phase 4 & 5: Demonstration and Evaluation

We evaluated the effectiveness of AP in generating contextual feedback by in-
vestigating its alignment with feedback collected from human users in a specific
case using a consistent evaluation framework.

Case: We selected the Skånetrafiken mobile app on the Android platform as
our case. Skånetrafiken is the public transport authority for Skåne County, Swe-
den, managing a comprehensive network of buses, trains, and other services4. The
app, with over 1 million downloads and a 3.1 overall rating from more than 4,000
reviews, provides functionalities for journey planning, real-time travel informa-
tion, and ticket purchasing. This case was chosen due to the app’s widespread
use and the availability of a large body of existing user feedback. The company
is committed to being fully compliant with Swedish law on the accessibility of
digital public services.

Usability Evaluation: Usability refers to the extent to which a system can
be used by specified users to achieve goals with effectiveness, efficiency, and
satisfaction [13]. Usability can be decomposed into five dimensions: learnability,
efficiency, memorability, error prevention, and satisfaction [23].

A widely used method for evaluating usability is Nielsen’s heuristics evalua-
tion framework, where a small group of usability experts assesses a user interface
against a set of ten established criteria (i.e., heuristics) [23]. These heuristics in-
clude: visibility of system status (N01), match between the system and the real
world (N02), user control and freedom (N03), consistency and standards (N04),
error prevention (N05), recognition rather than recall (N06), flexibility and effi-
ciency of use (N07), aesthetic and minimalist design (N08), help users recognize,
diagnose, and recover from errors (N09), and help and documentation (N10).
Nielsen’s heuristics is a fast, inexpensive, and practical alternative to resource-
intensive usability testing, with the goal of identifying and addressing usability
issues early in the design process.

While Nielsen’s heuristics evaluation was originally intended for usability
experts, an empirical study shows that end users are capable of understanding
and applying these heuristics [18], suggesting that early user involvement in
internal evaluations can be highly effective. Studies by Branco et al. [5] and
Matos et al. [21] are two examples of end-user involvement in usability evaluation.

The use of APs aligns with Nielsen’s heuristics idea of internal experimen-
tation, offering a method for getting simulated user feedback without needing
actual user participants (i.e., external experimentation [32]). Therefore, our work
investigates the viability of APs to augment or even replace human evaluators in
a heuristic evaluation setting, combining the efficiency of the heuristic method
with the realism of persona-driven synthetic feedback generation.

Evaluation Design: Our evaluation was based on Nielsen’s heuristics for two
reasons: first, it accommodates both usability experts and users as the evaluators
[18], allowing us to integrate both human and AP feedback. Second, the heuristics
are well-suited for evaluating static artifacts, such as the screenshots we used.
4 https://www.skanetrafiken.se/english/
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To achieve a comprehensive and triangulated evaluation [19], we consolidated
data from three sources: (human) user interviews, Google Play review analysis,
and AP feedback generation. Fig. 1 depicts an overview of the evaluation phase.

build
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Fig. 1. Evaluation: an overview

Semi-structured Interviews: We applied online interviews [19] to gather
qualitative data for in-depth evaluation. We applied a semi-structured approach,
allowing us to explore the unexpected discussion [31]. We conducted four on-
line interview sessions in August 2025, each lasting between 30 and 45 minutes
and was recorded and transcribed. We transformed Nielsen’s heuristic evalua-
tions workbook5 into 20 interview questions (Q01-20). Each of the heuristics was
translated into two questions to capture different aspects of each heuristic. For
example, the first two questions (Q01 and Q02) were aimed at collecting data
related to the first Nielsen’s heuristic, visibility of system status (N01).

Participants: We used convenience sampling to recruit four participants from
our contacts who frequently used the app at least once a week (see Table 1).
Participants were systematically selected to align with our predefined personas:
P1 (vision impairment) matched Ingrid’s accessibility needs; P2 and P3 (soft-
ware professionals) aligned with Claudio’s tech-savvy profile; and P4 represented
another variant of Claudio. This purposive sampling ensured meaningful com-
parison between human and AP feedback.

Table 1. Interview participants

ID Age Background Experience App language
P1 30-35 Master student in social science 2 years Swedish
P2 30-35 Professional in a software company 5 years English
P3 25-30 Master student in software engineering 1.5 years English
P4 30-35 Professional in logistics 2 years English

5 https://www.nngroup.com/articles/ten-usability-heuristics/
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Synthesis: We employed thematic analysis [6, 9] with a deductive approach to
identify patterns and insights from the interview data, using Nielsen’s heuristics
as our initial coding.

Google Play Review Analysis: We scraped over 500 textual reviews from
the app’s Google Play on July 30, 2025. To ensure relevance, we filtered the re-
views to include only reviews posted from 2024 onwards, resulting in 46 reviews.
Non-English reviews were translated using Google Translate6 API to ensure
consistent analysis. Each review was given a unique identifier (e.g., f001) for
traceability. We then applied thematic analysis to map the review to Nielsen’s
heuristics, mirroring the synthesis approach used for the interview data.

Active Persona Feedback Generation : To generate both quantitative
and qualitative synthetic feedback, we provided each of the eight AP instances
with a questionnaire derived from our earlier interview protocol. This ensured
direct comparability between the human and AP-generated feedback. The ques-
tionnaire consisted of 20 statements, which the AP instances evaluated on a
5-level Likert scale (1: “strongly disagree”, 5: “strongly agree”). For each state-
ment, the AP was instructed to provide a brief rationale to support its choice.

The AP feedback was generated through a zero-shot prompting approach [7].
This method leverages the pre-trained knowledge of the LLMs without requiring
any in-context examples. The prompt contains the questionnaire accompanied
by nine screenshots of the app’s user journey (see Table 2), and a request for
a structured JSON-formatted response. The screenshots, two of which were in
Swedish to evaluate language appropriateness and consistency, covered key user
flows from searching for a trip to purchasing a ticket. For each AP instance, we
ran ten independent evaluations, generating a total of 80 results (for eight AP
instances). Each evaluation used identical inputs: the same screenshots, question-
naire, and system prompts. Nothing was changed between runs to get reliable
responses. Samples of the app’s screenshots are shown in Fig. 2.

Table 2. Description of the screenshots used in this study

No Screenshot content Language
1 the app’s homepage, accessible through the “Search journey” tab. English
2 the search journey screen English
3 the journey list screen English
4 the journey filter screen English
5 the journey detail screen English
6 the ticket selection screen English
7 the ticket selection screen Swedish
8 the ticket detail screen English
9 the ticket detail screen Swedish

Execution costs, in terms of input tokens, output tokens, and execution
time, varied across persona-model combinations. Llama-based personas were the
6 https://translate.google.com/about/
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fastest (< 30s) but consumed the most input tokens (≈ 13, 000) while generating
the fewest output tokens (≈ 1, 400). Conversely, Gemini-based personas were the
most token-efficient, making efficient use of input tokens (≈ 3, 700) while con-
suming a large number of output tokens (≈ 6, 000) at a moderate time cost.

Synthesis: We mapped the qualitative feedback from the questionnaire to
Nielsen’s heuristic, consistent with our approach for the other two earlier sources.
We then performed a comparative analysis of the feedback from all three sources.

Fig. 2. Screenshots of the Skånetrafiken app

Moreover, we used descriptive statistics [34] of the ratings for each state-
ment in the questionnaire to evaluate how the persona-model combination af-
fects the feedback. We calculated the mean of ratings [24] given by AP instances
per persona-model. We further investigated how these combinations affect the
ratings per statement in the questionnaire (i.e., Q01-20). Following this, we con-
ducted a Kruskal-Wallis test [34] to determine if the observed differences among
the eight AP configurations were statistically significant. This non-parametric
test is well-suited for our analysis because it is designed to compare more than
two independent groups using ordinal data, such as the Likert scale ratings from
our questionnaire, and does not require the data to follow a normal distribution.

Appendix: Detailed information on the used user personas (Ingrid and Clau-
dio), the interview and questionnaire protocols, the system and evaluation
prompts, the complete app’s screenshots, the cost evaluation, the complete sta-
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tistical analysis, reviews from Google Play, AP-generated feedback, and source
code we used in this study can be found in [33].

3 Results

The effectiveness of AP in generating user feedback is measured through the
alignment between AP-generated feedback and human user feedback by map-
ping them to Nielsen’s heuristics. We measured the alignment through: (1) the-
matic mapping of both human and AP feedback, (2) comparing specific usability
issues identified by each source, (3) analyzing rating patterns, and (4) triangu-
lating findings across interviews, Google Play reviews, and AP feedback. We
then investigate the influence of the persona-model combination on generated
feedback using statistical analysis.

3.1 Alignment Between APs and Human User Feedback

Visibility of system status (N01): The app generally communicates its sys-
tem status effectively. Interview participants and AP instances noted clear in-
formation like departure times and track numbers. For example, an instance of
Claudio shared, “I can clearly see ’From: Lund C’ and ’To: Lund LTH’ with the
current time. The journey detail screen ... shows the complete route with clear
departure and arrival times, and the ticket selection screens ... clearly display the
zone and journey (Q02, nielsen_4, claudio_claude).” However, an instance of In-
grid highlighted an accessibility issue, stating, “The journey page shows Changes
and Travel time plus ’Today Monday’ (s5). For my eyes, some small, pale text
makes it a bit harder to read at a glance (Q02, nielsen_71, ingrid_openai).”
Google Play reviews offered a real-world counterpoint, with one user (f16) not-
ing, “Not showing correct departure time. When trains are delayed, the informa-
tion is shown too late, and you have no chance to take an earlier train.” This
feedback highlighted a potential gap between the app’s static interface and the
dynamic needs of a user in real-time.

Match between the system and the real world (N02): All interview
participants found that the app’s terminology reflected real-world terms. For
instance, P1 stated, “the language is consistent with its website, which is in
Swedish.” Comments from AP instances aligned with the interview participants’.
An instance of Claudio shared, “It uses all the normal words I’d use when talking
about taking the bus or train ... and the Swedish versions ... are exactly what
you’d expect. There’s no confusing jargon, which makes it quick to use (Q3,
nielsen_17, claudio_gemini).” An instance of Ingrid added a nuance related to
icons, stating that while they are generally recognizable, “some icons might not
be immediately clear to all users, especially those with visual impairments (Q04,
nielsen_65, ingrid_llama).”

User control and freedom (N03): All interview participants reported
sufficient freedom to navigate the app, though some preferred Android’s native
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sliding feature over the in-app back button, as noted by P2: “I typically navigate
by sliding. I rarely use the back button.” AP instances provided similar feedback,
recognizing the app’s consistent in-app back button but suggesting that some
screens still require a more explicit exit button. For example, an instance of
Claudio noted, “Every screen has a consistent back arrow in the top left ... and
the ticket selection screens have a clear ’X’ button for closing ... This consistency
makes it easy for me to know exactly how to exit any screen without getting lost
... (Q05, nielsen_7, claudio_claude).” Similarly, an instance of Ingrid pointed
out, “the back buttons are always in the top-left corner where you’d expect them.
The main menu is always at the bottom, which is good. The button for ’Filter’
on screen 3 is just a small symbol and could be a bit bigger for my eyes, but
it’s in a normal spot, so I would find it (Q06, nielsen_58, ingrid_gemini).” A
Google Play review from a user (f030) further emphasized a navigation problem,
stating, “There is no bottom navigation bar or hamburger menu ...”

Consistency and standards (N04): The app maintains its consistency
in styles, typography, and layouts across its screens, a finding corroborated by
both human and AP feedback. The app also applies layouts similar to other
transportation apps. All interview participants agreed on this point. For instance,
P3 noted: “When I look at it from the color perspective, I can really see that there
is consistency, for example, in the background and foreground color. I get the
same colors everywhere.” The AP instances provided similar observations. An
instance of Claudio shared, “Typography, pill buttons, and card lists are consistent
from journey search to tickets. It all feels part of one system (Q07, nielsen_32,
claudio_openai).” An instance of Ingrid added, “Standard patterns: bottom nav,
back arrow, toggles, plus/minus steppers, and card lists ... It behaves like other
Swedish travel apps I use (Q08, nielsen_79, ingrid_openai).”

Error prevention (N05): Interview participants agreed that the app helps
them avoid errors through clear layouts and confirmation dialogs. For example,
P3 highlighted a helpful modal that prevents accidental ticket activation. How-
ever, participants also identified potential issues. P3 found icons confusing and
noted a problem with button color: The app has this red color here (a button)
as the highlighted or selected color. But then, when you click on this, maybe you
would expect that little bit of red tint to be highlighted on this as well, because this
is the highlighted color to show you an active color.” P1 found it difficult to read
train names due to small text size. AP instances reported similar feedback on the
potential cause of errors. An instance of Claudio warned of a possible tap error:
“On the journey detail, Monitor sits next to Select ticket and has similar weight,
so I could tap the wrong one when rushing (Q09, nielsen_39, claudio_openai).”
An instance of Ingrid’s feedback aligned with the button color issue, stating,
“The ’Select ticket’ button is a small grey oval that almost blends in with the
background ... these grey buttons are not very prominent and I might have to
search for them (Q09, nielsen_54, ingrid_gemini).”

Recognition rather than recall (N06): The app effectively leverages
recognition over recall through a “recent search” feature, which was identified
by most interview participants. However, P4’s comment that she “never knew
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that feature existed” highlights a potential discoverability issue. The AP instances
also recognized the feature’s value. An instance of Ingrid noted how helpful it is
for users with routines, stating, “On the very first screen, it shows my ’Searched
journeys’. I take the bus to the market every Tuesday and Saturday, the same
route. Having it right there without typing is perfect. And I see a little star, so I
can save it (Q11, nielsen_60, ingrid_gemini).”

Flexibility and efficiency of use (N07): Both interview participants and
AP instances identified features that enhance efficiency, though they did not
highlight the same ones. All interview participants identified two key shortcuts:
the “favorite journey” and the “buy again” ticket option. P3 illustrated the value
of the latter, stating, “When you previously purchased a ticket, you have the ‘buy
again’ option.” In contrast, AP instances identified two shortcuts: the “favorite
journey” and the “my location” feature, which helps select the nearest stop.

Aesthetic and minimalist design (N08): The app’s design was widely
seen as uncluttered, minimalist, and aesthetically pleasing by both interview
participants and APs. P3 noted that while the journey information was generally
sufficient, a complex journey could make the screen difficult to read due to
information overload. The APs echoed this sentiment. For instance, an instance
of Claudio shared, “Most screens are clean and focused. Screenshot 2 with the
destination list is well-organized, and the journey details in screenshot 5 show
just what I need. However, screenshot 3 with multiple journey options feels a bit
dense with all the times and details - it could benefit from slightly more spacing
or clearer visual separation between options (Q15, nielsen_9, claudio_claude).”

Help users recognize, diagnose, and recover from errors (N09):
Only one interview participant, P3, had a direct experience with an error. P3
shared that while rushing to buy a ticket, a network issue occurred, but the error
message was “quite clear (P3).” In contrast, none of the AP instances recognized
application errors, which was expected given that no error screens were included
in the provided screenshots. For example, an instance of Claudio stated, “No
errors are shown in these screenshots, so I cannot judge. Neutral based on what
I can see (Q17, nielsen_38, claudio_openai).” However, a Google Play review
from a user (f031) underscored a real-world issue with the app’s error handling,
noting a generic and unhelpful message: “When I tried to register my number, I
got the following error message: ‘Oops, something went wrong! Contact customer
service for more information’.”

Help and documentation (N10): No interview participants reported us-
ing the in-app help or documentation features. For example, P4 shared, “I never
check the help in the app. I prefer asking friends or ChatGPT.” Similarly, the AP
instances found little in-app help, tooltips, or visible guides based on the pro-
vided screenshots. An instance of Claudio noted, “Some screens offer additional
information, such as the ’Read about our tickets’ option (screenshots 6 and 7).
However, more visible help options or tooltips could be beneficial, especially for
less familiar features (Q19, nielsen_23, claudio_llama).”
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3.2 Relationship Between Personas, LLMs, and APs Feedback

The quantitative feedback, measured on a 5-level Likert scale (1: “strongly dis-
agree”, 5: “strongly agree”), reveals a clear interplay between the persona’s def-
inition and the LLM in shaping the final evaluation. Two distinct trends were
evident. First, the persona’s specific traits consistently guided the tone of the
feedback. The Ingrid persona, designed with the accessibility needs of a visually
impaired user, was invariably more critical than the Claudio persona. This pat-
tern was consistent across all four LLMs, with Ingrid’s agreement level (3.78 -
4.12) consistently lower than Claudio’s (3.88 - 4.66).

Second, the choice of LLM acted as a distinct lens, influencing the overall
level of criticality. The Llama model emerged as the most critical evaluator,
producing the lowest agreement level for both personas (3.88 for Claudio and
3.78 for Ingrid). Conversely, Gemini was the most generous, yielding the highest
agreement level (4.66 for Claudio and 3.99 for Ingrid). GPT and Claude per-
formed in the median range. These results suggest that AP-generated feedback
is not determined by one factor alone, but by the combination of a persona’s
defined perspective and the unique evaluative tendencies of the LLM.

Fig. 3. Agreement levels on Q13 and Q16

A per-statement analysis provides deeper insight into these patterns. The di-
vergence between the two personas was most pronounced in statements directly
related to visual clarity and accessibility. For instance, in statements Q16 (“Im-
portant information immediately grabs your attention”) as depicted in Fig. 3 (the
right side), Ingrid’s instances gave significantly lower agreement levels, reflecting
her defined visual impairment. Our analysis also highlighted specific LLM ten-
dencies, such as Llama’s consistent criticality on matters of user efficiency. For
example, Q13 (“The app visibly offers shortcuts (e.g., favorite routes) for com-
mon actions.”) as depicted in the left side of Fig. 3. Despite these variations, the
AP instances reached a consensus on certain issues. For example, uniformly neu-
tral scores for Q17 (“If visible, error messages clearly explain what went wrong,”)
as no error screens were provided. Our Kruskal-Wallis tests further confirm that
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the persona-model combination significantly impacts the agreement level with
pvalue < 0.05 in all statements, except Q17.

4 Discussion

Our research question sought to understand the effectiveness of AP in generat-
ing user feedback measured through the alignment between AP-generated feed-
back and human user feedback. Our qualitative analysis revealed a substantial
alignment, with APs successfully identifying many of the same usability issues
and strengths as human participants and Google Play reviewers across Nielsen’s
heuristics. This suggests that APs, when properly configured, can effectively
simulate a user’s perspective in a heuristic evaluation context. For instance, the
APs’ ability to detect issues related to consistency (N04), recognition over re-
call (N06), and minimalist design (N08) demonstrates their capacity to process
visual information and apply usability principles in a human-like manner.

The Ingrid persona, designed with a vision impairment, consistently high-
lighted accessibility issues such as small text and low-contrast elements. This
finding shows that APs can be tailored to represent specific user needs, aligning
with the core purpose of personas: to foster empathy and focus design efforts on
diverse user profiles [15, 29].

The APs’ inability to comment on dynamic, real-world issues (e.g., incor-
rect train departure times) or application errors not depicted in the screenshots
highlights a key limitation of our static evaluation method. Human feedback is
shaped by lived experiences and interactions with a live system, a context that
static images cannot fully replicate.

Our statistical analysis clearly showed that the Ingrid instances were con-
sistently more critical than the Claudio instances, regardless of the underlying
model. This demonstrates that the persona definition successfully guided the
LLM’s output, causing it to adopt the specified critical perspective. Further-
more, the variation in criticality among the LLMs themselves (with Llama being
the most critical) suggests that factors like training data, architectural differ-
ences, and built-in safety protocols influence the model’s evaluative stance. This
implies that the selection of both the persona and the LLM is a critical config-
uration that can be tuned to achieve different evaluation goals.

Our results also indicate that all of the underlying LLMs are capable of avoid-
ing hallucinating responses by showing their neutrality on insufficient context,
for example, in Q17, where no screenshot indicating errors was given.

We recognized two limitations of the study. Firstly, the use of static screen-
shots prevented the APs from evaluating dynamic interactions and real-time
context. Secondly, our human feedback was gathered from a small interview
participant sample and reviews on Google Play.
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Implications for Practice and Research

For practitioners, APs offer a practical, low-cost method for rapid internal eval-
uations, allowing teams to address resource-intensive issues of user involvement
in early stages of NPD [25]. We also recommend practitioners not to oversimplify
user experiences by relying too heavily on APs’ feedback since the underlying
LLMs have the potential of inherent biases accumulated from the training data.
Gaps between APs’ feedback and actual user feedback should be expected. We
suggest continuously informing APs with new information gathered from ex-
ternal experimentations to make APs a better reflection of the underlying user
group. However, practitioners must also consider APs’ computational costs. As
our findings on execution performance show, these costs are driven by factors,
such as API calls, token consumption, and execution time.

For researchers, this work validates the novel GenAI application, transform-
ing static personas into dynamic evaluation tools and opens new avenues for
research into further APs’ involvement in various NPD stages, such as require-
ment engineering and behavioral testing.

5 Conclusion

This study investigated AI-powered Active Personas (APs) to address the chal-
lenge of securing consistent user feedback in new product development. Through
Design Science Research, we transformed traditional static personas into dy-
namic, generative agents capable of providing realistic user feedback on demand.

Our empirical evaluation confirms that APs generate high-fidelity feedback
that closely aligns with human users across Nielsen’s usability heuristics. A key
finding is the significant influence of both persona definition and underlying LLM
choice on the generated feedback.

This study validates the viability of APs in generating contextual user feed-
back. APs offer a practical solution for securing diverse user perspectives while
maintaining focus on user empathy. Future work is to enable APs to interact
with the dynamic context of applications, validate APs in other domains, and
establish ethical guidelines for responsible deployment.
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