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ABSTRACT KEYWORDS

The growing use of artificial intelligence (Al) across industries has spurred interest in its Artificial intelligence
application to usability analysis. Yet, standardized criteria for evaluating Al-generated applications and expert
usability test results are lacking, and the impact of strategies such as role prompting ~ Ystems; interface design
and human review on the quality of results remains underexplored. To address these and evaluation

fi d | d luati . ded i X Ux) i methodologies; user-
gaps, we irst deve opea seven eva uation criteria grounded In user experience ( ) it- centered design; empirical

erature and a survey of 40 UX professionals. Second, we recruited UX experts to apply studies of user behavior
these criteria to usability findings generated under five conditions: human-only, baseline

Al-only, tailored Al-only, baseline Al with human review, and tailored Al with human

review. Expert evaluations show that human-Al collaboration, especially tailored Al com-

bined with human review, produced significantly higher-quality results than either

humans or Al alone. These findings provide practical methodologies and empirical evi-

dence to support human-Al collaboration in usability analysis, informing system design

for complex human—computer interaction tasks.

1. Introduction

As artificial intelligence (AI) technologies become increasingly integrated into user experience (UX)
workflows, they present new opportunities for supporting usability evaluation, which is a cognitively
demanding process that traditionally depends on human expertise and contextual reasoning (Dumas &
Redish, 1999; Sauro, 2010). Traditional usability evaluation methods require UX evaluators to synthe-
size diverse data sources into coherent descriptions of usability problems, including their causes, effects,
and potential solutions (Felstad et al., 2010). However, in practice, such analyses are often unstructured,
incomplete, or lack rigor (Fan, Shi, et al., 2020; Norgaard & Hornbaek, 2006). Practitioners must attend
simultaneously to multiple information streams (eg, visual and audio cues, user actions, and note-tak-
ing) and often under significant time constraints (Chilana et al., 2010; Folstad et al., 2012; Kuang et al,,
2022). As a result, many usability findings remain incomplete or underspecified.

Recent advances in generative Al (GenAl) offer promising avenues to address these limitations. Al
systems can automatically identify usability problems, summarize user behaviors, and propose redesign
ideas (Cheng & Zhang, 2025; Kuang et al., 2024; Z. Liu et al., 2024). Yet, simply automating these tasks
is insufficient. Al systems often fail to capture the nuanced, context-dependent aspects of user experi-
ence, such as interpreting user goals, emotional responses, or situational factors, that human evaluators
naturally consider (Fan, Li, et al., 2020; Grigera et al., 2017; Jeong et al., 2020). To realize the full
potential of Al in usability analysis, it is essential to move beyond viewing Al as a stand-alone evaluator
and instead explore how it can effectively collaborate with humans.

CONTACT Mingming Fan @ mingmingfan@ust.hk @ Computational Media and Arts Thrust, The Hong Kong University of Science and
Technology, Guangzhou, China; Kristen Shinohara 8 kristen.shinohara@rit.edu @ School of Information, Rochester Institute of Technology,
Rochester, NY, USA

*Emily Kuang and Luyao Shen contributed equally to this research.

@ Supplemental data for this article can be accessed online at https://doi.org/10.1080/10447318.2026.2638554.

© 2026 Taylor & Francis Group, LLC


http://crossmark.crossref.org/dialog/?doi=10.1080/10447318.2026.2638554&domain=pdf&date_stamp=2026-04-14
http://orcid.org/0000-0003-4635-0703
http://orcid.org/0009-0006-8403-6271
http://orcid.org/0000-0002-0356-4712
http://orcid.org/0000-0002-1157-6369
https://doi.org/10.1080/10447318.2026.2638554
http://www.tandfonline.com

2 (&) E KUANG ET AL.

Over the past few years, researchers have increasingly explored how Al can augment the efficiency
and completeness of usability analysis (Duan, Warner, et al., 2024; Fan et al., 2022; Kuang et al., 2023,
2024; Soure et al.,, 2022). For example, Duan et al. utilized GPT — 4 to conduct automatic heuristic
evaluations by examining whether user interface designs violated the usability heuristics, such as
Nielsen’s 10 Usability Heuristics. Their findings showed that GPT — 4 achieved a precision of 60.3%
and a recall of 38%. Moreover, UX evaluators rated the Al-generated suggestions as both accurate and
helpful (Duan, Warner, et al., 2024). Similarly, Kuang et al. used GPT-3.5 to identify usability problems
by analyzing transcripts of usability test videos. This approach achieved a precision of 86% and a recall
of 71%, and UX evaluators agreed with 78.6% of the Al-generated usability problems in the user study
(Kuang et al., 2024). Despite these advancements, two key research gaps remain.

First, there is a lack of standardized criteria for evaluating AI-generated usability test results.
Prior work has largely emphasized quantitative metrics, such as the number of problems identified or
the overlap between AI and human analyses (Duan, Warner, et al., 2024; Hu et al., 2025; Kuang et al.,
2024; Z. Liu et al.,, 2024), while paying less attention to the content quality and practical relevance of
Al outputs. Moreover, although human evaluators often rely on established heuristics and guidelines,
Al-generated findings are rarely assessed using consistent or validated standards. Informal best practices
suggest that high-quality usability findings should be accurate, actionable, specific, and clearly articu-
lated (Hotjar, 2023; Interaction Design Foundation [IXDF], 2018), yet these dimensions are unevenly
emphasized across sources. Without standardized evaluation criteria, it is difficult to meaningfully com-
pare Al-generated findings to human analyses or to assess their utility in professional UX practice. To
address this gap, we synthesize and validate a structured set of evaluation criteria grounded in UX lit-
erature and refined through feedback from UX professionals.

Second, there is limited understanding of how different moderation strategies, aimed at enhanc-
ing the accuracy and relevance of Al-generated findings, affect the quality of usability test results.
Few studies have examined how Al systems can be tailored to better support human evaluators or how
human input can improve Al-generated usability test results through review and refinement. Much of
the existing work has relied on Wizard-of-Oz techniques (Fan et al., 2022; Kuang et al., 2023) or
default, unmodified versions of ChatGPT (Kuang et al.,, 2024), offering limited insights into how Al
capabilities might be adapted for usability tasks. Recent advances in prompt engineering suggest that
large language models (LLMs) can be guided to adopt specific personas or expert roles, such as a sup-
portive peer or critical tutor, to influence the tone and depth of their outputs (Krapp et al., 2024).

To fill these gaps, this study investigates two moderation strategies for improving Al-generated
usability test results: (1) Role prompting, where an AI model is explicitly prompted to act as an expert
UX evaluator (Shin et al,, 2025), compared against a baseline AI with no persona; and (2) Human
review, where professional UX evaluators review and refine Al-generated findings. By combining these
two strategies, we derived five evaluation conditions: three single-evaluator settings (“baseline AI”
“tailored AI” and “human only”) and two human-AI collaborative settings (“baseline AI with human
review,” and “tailored AI with human review”). These conditions allow us to isolate and compare the
effects of Al prompting and human moderation, both individually and in combination. We examine
how each condition influences the content quality of usability test results using the validated evaluation
criteria. Specifically, this study addresses the following research questions (RQs):

e RQI1: What criteria do UX professionals apply to evaluate the quality of usability test results, and
how well do these criteria capture key dimensions of usability findings?

e RQ2: How do usability test results compare across five collaboration conditions—human-only,
baseline Al-only, tailored Al-only, baseline AI with human review, and tailored AI with human
review—when evaluated using the criteria identified in RQ1?

In summary, this work makes the following contributions:

e A validated set of criteria for evaluating the quality of usability test results, grounded in UX litera-
ture and UX professionals’ input.
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e Empirical evidence on the effectiveness of role prompting and human review as strategies for
improving Al-assisted usability evaluation; and

e Comparative analysis demonstrating that human-AI collaboration outperforms human-only or Al-
only approaches across multiple criteria for assessing usability test results.

2, Related work
2.1. From traditional usability evaluation to Al-generated results

Usability evaluation is an essential part of user-centered product development, aiming at assessing how eas-
ily and pleasantly users can achieve their goals when interacting with a product. Evaluations can be con-
ducted without users through heuristic evaluations, or with users through user testing methods (Riihiaho,
2018). Heuristic evaluation is a method for finding usability problems in a user interface design by having a
small set of evaluators examine the interface and judge its compliance with recognized usability principles,
such as Nielsen’s 10 Usability Heuristics (Nielsen, 1992, 2024). While heuristic evaluation remains useful,
an international survey found that the most frequently employed method for identifying usability problems
is through usability testing, in which one or more representative users perform tasks and verbalize their
cognitive processes under observation (Fan, Shi, et al., 2020). Usability testing usually produces a report
consisting of identified problems, underlying causes, and redesign recommendations (Hotjar, 2023; IxDF,
2018). As the “gold standard” in usability evaluation, the problem sets identified through usability testing
are often used to benchmark other evaluation methods, such as heuristic evaluation (Landauer, 1996), high-
lighting the importance of generating high-quality usability results. Usability test results can be evaluated in
two ways. The first involves measuring quantitative objects after implementing redesigns, such as task suc-
cess rate, which requires additional development effort before assessment (Dzida & Freitag, 2001). The
second focuses on assessing the quantity and quality of identified usability problems.

As GenAl becomes increasingly integrated into UX workflows, it presents new opportunities for sup-
porting usability evaluation, which is a cognitively complex task traditionally dependent on human
expertise and contextual reasoning (Dumas & Redish, 1999; Sauro, 2010). Recent work has explored
three main approaches: automatically generating heuristic evaluation suggestions (Duan, Cheng, et al,,
2024; Duan, Warner, et al., 2024), simulating users to provide usability feedback (Hu et al., 2025; Z.
Liu et al, 2024; Xiang et al., 2024), and analyzing usability test videos to identify problems (Kuang,
2025; Kuang et al.,, 2023, 2024, 2026; Shen et al., 2026; Soure et al., 2022). These studies have primarily
evaluated AI's problem detection capabilities through metrics such as precision and recall of GPT — 4
suggestions, human evaluator agreement rates on GPT-3.5 outputs, and thematic overlap between
human and Al-identified problems. However, this emphasis on the quantity of detected problems over-
looks the description of Al-generated usability results. While some prior research has gathered qualita-
tive feedback (eg, that Al suggestions are “too vague”), these efforts have lacked systematic quality
assessment frameworks. Our work addresses this gap by developing a set of standardized criteria for
evaluating the quality of both human- and Al-generated usability test results, shifting the focus from
detection performance to practical value and actionability in real-world UX contexts.

2.2. Al-generated content quality assessment in usability evaluation

The widespread adoption of AIGC across various domains has heightened concerns regarding quality
assurance, encompassing issues that range from factual inaccuracies and hallucinations to contextual
inappropriateness and lack of domain-specific relevance. Hallucinations are defined as generated con-
tent that is nonsensical, unfaithful, and undesirable (Ji et al., 2023; Leiser et al., 2024). Recent research
categorizes hallucinations into three types: input-conflicting hallucination, context-conflicting hallucin-
ation, and fact-conflicting hallucination (Joshi et al., 2025; Zhang et al., 2025). Specifically, Large Vision
Language Models encounter challenges with semantic ambiguity, where synthetic images lack consist-
ency and fail to respond appropriately to text prompts (Gao et al, 2024). Large Language Models
(LLMs) may exhibit self-contradictions when generating lengthy or multi-turn responses due to their
limitations in maintaining long-term memory and identifying relevant context (N. F. Liu et al., 2024;
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Shi et al,, 2023). Moreover, ChatGPT has been observed to generate factually incorrect responses, such
as incorrectly assessing that 1000 is larger than 1062 (Borji, 2023). Another study used the LIX score, a
readability metric that reflects the difficulty of a given text (Bjornsson, 1983), to compare legal advice
generated by LLMs and human lawyers, finding that LLM outputs were harder to read. Beyond these
factual inaccuracies, Al-generated responses in domain-specific applications are sometimes not incor-
rect, but rather inappropriate or irrelevant to the specific domain context.

In the usability evaluation domain, prior studies employing LLMs have identified similar quality issues.
For example, Duan et al. used GPT — 4 to generate usability feedback and found that some outputs
lacked consideration of contextual factors such as comprehensive user interfaces and common design
conventions. They also noted that some redesign suggestions were vague, lacking specificity and action-
ability (Duan, Warner, et al., 2024). Similarly, Kuang et al. used GPT-3.5 to detect usability problems and
observed that problem descriptions remained surface-level, without elaborating on underlying causes
(Kuang et al.,, 2024). Considering that usability test results are used by designers, technical colleagues, and
managers to guide design and business decisions (Scholtz, 2000), such quality issues can impede their
usefulness by influencing the interpretation, prioritization, and resolution of identified problems.

Various research efforts have evaluated AIGC quality by constructing unified benchmark datasets for
different scenarios and tasks (Ott et al., 2022). While this evaluation approach provides relatively fair
and consistent standards for Al models, it often overlooks model performance in real-world applica-
tions, particularly from the perspective of actual user experience and perception (Peng et al., 2025;
Subramonyam et al., 2025). Consequently, some studies have incorporated human evaluations to assess
AT outputs. Given the complexity and specificity of professional domains, each field requires custom-
ized assessment dimensions that reflect its practical requirements. For example, in the writing domain,
users across different writing scenarios have defined varying criteria for quality evaluation. In story
writing, quality can be assessed based on three aspects: story arc, turning points, and affective dimen-
sions such as arousal and valence (Tian et al., 2024), while in academic writing, users prioritized rele-
vance, professionalism, and readability (Peng et al.,, 2025). When examining AIGC quality assessment
in the usability evaluation domain, we found that evaluations primarily relied on participants’ subjective
perceptions (Duan, Warner, et al, 2024; Kuang et al,, 2024; Lu et al, 2025), lacking standardized
dimensions to structure the assessment process. Moreover, most studies stopped at identifying these
usability issues without proposing or validating methods to mitigate them.

2.3. Moderation strategies for improving Al-generated content quality

This study focuses on improving AIGC quality through two broad categories of strategies. The first is
prompt engineering, where humans refine prompts before generation to guide the model toward more
optimized outputs. The second is human-AI collaboration, where humans edit model outputs after gen-
eration to improve their usefulness (Reinhard et al., 2025). These two strategies are not mutually exclu-
sive and can be used together, but each has different strengths and limitations.

Prompts serve as inputs to LLMs, and their syntax and semantics play an important role in determining
the model’s output (Naveed et al., 2025). Prompt engineering involves the systematic design and optimiza-
tion of prompts to guide Al systems toward producing more accurate, relevant, and contextually appropri-
ate outputs (Ahmed et al., 2024). A recent study compared five techniques, including zero-shot prompting,
role prompting, chain of thought prompting, self-refine prompting, and least-to-most prompting, for identi-
fying usability problems in digital interfaces. The findings revealed that role prompting was highly effective
in identifying problems and providing contextual analysis and actionable insights from a user perspective
(Shin et al., 2025). Other domains, such as healthcare and education, have also demonstrated the effective-
ness of role prompting in eliciting domain-specific capabilities (Pope et al., 2025; Sun et al., 2024). Despite
its effectiveness and adaptability across various applications, prompt engineering cannot fully address chal-
lenges such as factual inaccuracies and interpretability gaps (Sahoo et al, 2025). Moreover, even with
prompting engineering, LLM outputs can still be irrelevant to professional contexts, such as generating
usability feedback that contradicts popular design conventions (Duan, Warner, et al., 2024). Additionally,
prompt engineering poses new challenges in creating effective prompts, sometimes leading to what has
been termed the “prompt loop” (Jung et al., 2026; S. Kim et al., 2025).
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While prompt engineering happens before content generation, another strategy to improve AIGC
quality happens after content generation, which is human-AI collaboration, where AI supplements
human decision-making (Lai et al., 2023). AI outcomes can inform individuals through an “algorithm-
in-the-loop” process, recognizing that AI systems should support rather than replace domain workers’
decisions and tasks (Green & Chen, 2019; Zhang et al., 2020). Human-AI collaboration approaches,
particularly those involving human editing and iterative refinement, represent another critical strategy
for enhancing AIGC quality through expert knowledge integration. The human-AI collaboration
approach has dominated AI-powered applications across various domains recently, including writing,
education, programming, design, and accessibility (Pang et al, 2025). In recent studies within the
usability analysis domain (Duan, Cheng, et al., 2024; Duan, Warner, et al,, 2024; Kuang et al., 2024,
2026; Xiang et al., 2024), researchers have identified inaccurate AI outputs by asking design professio-
nals to label the AI outputs and have proposed human editing as a moderation strategy. Human editing
can improve Al outputs by integrating human judgment. It can adapt to complex tasks where Al tends
to generate inaccurate or inappropriate outputs. However, this process heavily relies on user expertise.
For example, due to the lack of essential knowledge for task decomposition and AI output evaluation,
novices often lack the judgment needed to overcome Al hallucinations (Chen et al., 2024).

Shin et al.’s work evaluated the quantity of usability problems generated through different prompting
techniques (Shin et al., 2025). However, there is a lack of evaluation of result descriptions under differ-
ent conditions, which may influence how results are interpreted and applied in practice. Moreover,
these conditions should be evaluated reliably employing standard criteria for comparison. In our work,
we first propose standard criteria to facilitate the evaluation of usability test result descriptions, sup-
porting systematic cross-condition comparison and a nuanced understanding of where each approach
excels or underperforms. We then moderate quality issues in AI outputs using two methods: role
prompting and human-AI collaboration. We refer to the original Al outputs as “baseline AI” and Al
outputs after role prompting as “tailored AL.” We systematically evaluate the content quality across five
conditions: baseline Al tailored AI, human, baseline AI & human, tailored AI & human. By applying
comprehensive evaluation criteria to assess these moderation strategies in the usability analysis context,
this study aims to provide empirical evidence for their relative effectiveness and practical utility.

3. Design of the evaluation criteria for usability test results
3.1. Method

Since there are no standardized criteria for evaluating the quality of Al-generated usability results, we
developed a set of evaluation criteria by synthesizing insights from two sources: a literature review and
a survey of UX professionals. Our analysis focused on identifying quality indicators related to three
core components of usability testing': usability problem description, problem cause identification, and
redesign recommendations formulation.

3.1.1. Literature review

We followed the PRISMA framework (Moher et al.,, 2009), which outlines a four-phase procedure for
conducting systematic reviews. Our goal was to identify existing criteria for evaluating the quality of
usability results, particularly in the context of Al-generated content. We applied predefined inclusion
criteria to guide our selection of relevant literature.

Phase 1: Identification. We identified both academic and industry sources that provided guidance
on writing or structuring usability reports. Industry sources included Interaction Design, Maze, Nielsen
Norman Group, and UXBoost, while academic sources included venues such as the Journal of Usability
Studies, Communication Design Quarterly, and CHI. To ensure relevance to Al-generated content, we
also included papers proposing evaluation metrics for Al-generated text in adjacent domains, such as
education (eg Huang et al,, 2025; Tan et al., 2025). Our inclusion criteria were as follows:

e Topic: Focused on the quality of usability results or Al-generated content.
o DPublication type: Scholarly articles, industry reports, or books.
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e Date range: Published between 2005 and 2025.
e Language: English.

An example search query used in the ACM Digital Library, which yielded 317 results, is shown
below:

Title:(“usability analysis” OR “usability evaluation” OR “usability report” OR “usability quality” OR “usability

criteria” OR “GenAlI quality” OR “Al-generated content quality” OR “LLM quality” OR “evaluating Al-generated

content” OR “evaluating LLM output”) AND Abstract:(“usability analysis” OR “usability evaluation” OR

“usability report” OR “usability quality” OR “usability criteria” OR “GenAl quality” OR “Al-generated content

quality” OR “LLM quality” OR “evaluating Al-generated content” OR “evaluating LLM output”)

E-Publication Date: (01/01/2005 TO 2/28/2025)

After supplementing this set with relevant industry articles, we identified a total of 329 sources in
this phase.

Phase 2: Screening. We screened the titles and abstracts of academic papers and reviewed the full
text of industry sources, applying the inclusion criteria outlined above. Papers were excluded if they did
not explicitly discuss criteria for evaluating usability results or the quality of Al-generated content. For
instance, most scholarly articles that contained “usability evaluations” in their title or abstract turned
out to be application-specific case studies that lacked discussions of structured reporting practices or
evaluation guidelines. After this screening, 304 sources were excluded, leaving 25 for further eligibility
review.

Phase 3: Eligibility. We conducted a full-text review of the remaining 25 sources. Some papers were
excluded at this stage due to not being full articles or focusing on quantitative evaluations of AI-gener-
ated content (eg, performance scores based on large datasets). These papers did not include qualitative
criteria for assessing content quality. As a result, we excluded 8 additional sources, leaving 17 sources
for final analysis.

Phase 4: Data Set and Coding Process. The first two authors independently reviewed and open-
coded the evaluation criteria described in the remaining sources. Emergent codes included concepts
such as “clear problem statements,” “actionable recommendations,” and “justified reasoning.” Through
iterative discussion and consolidation, we synthesized a final set of evaluation criteria that would later
serve as the basis for analyzing AI- and human-generated usability results in our study.

3.1.2. Survey of UX professionals

We conducted a survey to gather input from UX professionals on the criteria they use in their daily
practice for assessing the quality of usability problems, their underlying causes, and redesign recom-
mendations. The survey also collected demographic information, including years of UX experience,
familiarity with usability analysis, and the types of products evaluated. The detailed list of survey ques-
tions is in Supplementary Appendix A.1. We distributed the survey via professional platforms such as
LinkedIn and through snowball sampling within UX professionals’ networks. Additionally, the survey
served as a recruitment tool for participants in our subsequent user study, which aimed to evaluate the
synthesized list of criteria.

In total, 48 UX professionals participated in the survey, with each participant providing one response.
After conducting a quality check, we discarded several responses due to: selecting “not familiar at all”
with usability analysis (N =2), leaving criteria questions blank (N = 1), and evidence of Al-generated con-
tent (N=5). To identify Al-generated responses, we applied a consistent screening protocol: (1) we
examined linguistic patterns for excessive verbosity in open-ended responses (eg, excluded responses aver-
aged 67.2 words, compared to 13.7 words for valid responses); (2) we flagged formatting artifacts incon-
sistent with the survey input fields (eg, Markdown syntax such as **bold**); and (3) we cross-checked
survey completion times for irregularities (eg, excluded responses averaged 1.9 min, while valid responses
averaged 6.7 min). Responses meeting any of these criteria were reviewed by two authors and excluded
upon agreement. This process resulted in 40 valid responses for analysis. Figure 1 shows the demographic
information of the survey respondents. Respondents were 27.5years old on average (SD = 4.8), and had
4.7 years of UX experience (SD = 2.4). The majority had experience analyzing desktop websites (N = 37),
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Figure 1. Demographic information of survey respondents.

Table 1. Guidelines and assessment criteria for usability results.

Component Findings from literature review Findings from screening survey
Usability problem - Accurate and consistent with user feedback (Friess, - Accurate and objective, presenting factual evidence (N =25)
2011, 2012; Xtensio, 2023); - Specific, providing sufficient details (N = 26)
- Specific and clearly describes user actions (Huang - Relevant impact on UX (N=11)
et al.,, 2025; IxDF, 2018) - Includes established heuristics (N =2)
Cause of the - Accurate and specific, identifying the exact design - Justifies with evidence, providing support for the identified
problem element, flow, or interaction that caused the cause (N=23)
problem (Schade, 2013; Tan et al., 2025); - Identifies the accurate root cause, going beyond surface-level
- Provides justification and explanations, supports observations (N=17)
observations with data (Friess, 2011, 2012; - Clarity, describing the causes clearly and with sufficient
Isherwood, 2018; Sauro, 2010) details (N=19)
- Relevant, directly addressing the usability problem (N=17)
Redesign - Technically feasible, functionally correct, and - Actionable and feasible, considering technical constraints,
recommend- actionable (eg, provides enough detail for time, and cost (N=22)
ations implementation, broken down into smaller steps) - Effective, directly addressing the usability problem (N = 26)
(Dumas & Redish, 1999; Jury et al., 2024; Maze, - Positive impact on overall UX (N=21)

2024; Schade, 2013; UXBoost, 2021; Xtensio, 2023); - Creative (N=3)
- Provides reasoning for the recommendation and
explains its projected impact (Woodmass, 2020);
- Diverse range of ideas (Huang et al., 2025;
Padmakumar & He, 2024)
Overall language - Clear and easy to understand (Huang et al., 2025; - Logical and clear, presenting coherent information (N=31)
Jury et al., 2024; Maze, 2024; Tan et al., 2025);
- Logical and follows a structured format (Dumas &
Redish, 1999; Huang et al., 2025; IxDF, 2018);
- Professional and objective tone, avoiding excessive
personal interpretations (Celikyilmaz et al., 2021;
Friess, 2012; Xtensio, 2023)

mobile applications (N =33), VR applications (N =21), and physical products (N =16). Thirty respond-
ents reported being extremely or very familiar with usability analysis. Similar to our approach in the lit-
erature review, two authors independently coded the evaluation criteria from each respondent, and these
findings were consolidated through iterative discussions.

3.2. Criteria synthesized from literature review and survey

To synthesize findings from the literature review and survey, the first two authors, each with profes-
sional UX experience as researchers and designers, coded all survey responses and compared them with
the criteria identified in the literature. We counted the frequency of each criterion mentioned in survey
responses (summarized in Table 1) and cross-checked whether these criteria also appeared in prior
work. The authors then engaged in iterative discussions to refine and consolidate overlapping concepts.
To ensure interpretability and avoid complexity, we selected two representative criteria for each
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component of a usability result (problem, cause, and redesign recommendation), along with one over-
arching criterion for the overall language clarity of the result. We limited each component to two crite-
ria to maintain a concise yet conceptually clear framework and prioritized distinct and meaningful
criteria rather than creating a long or redundant list. For instance, among redesign recommendations,
21 responses referred to a “positive impact on overall UX” and 26 mentioned that the recommendation
is “effective.” Since both expressions reflected the same underlying concept of the redesign leading to
meaningful improvement, we merged them into a single criterion of effectiveness. In contrast, we
retained “effectiveness” and “feasibility” as separate criteria, as they represent different considerations
that independently influence the quality and practicality of redesign decisions.

For the usability problem, the most important criterion was accuracy, meaning that the problem
description should reflect what actually occurred in the usability video and align with user feedback
and evidence. The second key criterion was specificity, meaning the problem should be described in
sufficient detail to avoid ambiguity.

For the underlying cause, accuracy was again the most emphasized criterion. This includes correctly
identifying the relevant design element or interaction flow. The second criterion was justification,
requiring a clear explanation of why that element led to the observed problem.

For the redesign recommendation, the most important criterion was feasibility, where the solution
should be realistic to implement given current technical constraints or design timelines. The second
was effectiveness, meaning the recommendation should meaningfully address and resolve the identified
problem.

In addition to these criteria, we included one overarching criterion: language clarity, which applies
across all components. This ensures that the wusability findings are clearly and professionally
communicated.

Each of these criteria was translated into a statement that can be rated on a 5-point Likert scale
(from strongly disagree to strongly agree). The final list of evaluation criteria is as follows:

The usability problem description is accurate, correctly reflecting the video content.

The usability problem description is specific, providing sufficient details for understanding.
The cause of the problem is accurate, identifying the factors that led to the issue.

The cause of the problem is justified, presenting evidence to support the explanation.

The redesign recommendations are feasible, considering technical constraints, time, and cost.
The redesign recommendations are effective, directly resolving the usability problem.

The overall language is clear and easy to understand.

Nk R

4, User study

After developing the evaluation criteria, we needed a dataset of usability results to apply them to. This
section outlines our method for curating that dataset and conducting a user study in which UX experts
rated the usability results using the criteria. All experiments in this work were reviewed and approved
by the Institutional Review Board at Rochester Institute of Technology, with protocol approval
#01102723.

4.1. Curating a dataset of usability results

We curated a dataset of 15 usability test videos featuring five different users, each interacting with three
distinct products: a desktop website, a smartphone app, and a VR headset. The tasks were designed to
reflect the core functionalities of each product. For example, checking the forecast for a specific date in
a weather app, creating a poster using a GenAl design website, or playing games while wearing a VR
headset. The users were seniors and students recruited from the first author’s institution. Because the
users were unfamiliar with the products, they experienced numerous usability problems, making these
videos well-suited for analysis.



INTERNATIONAL JOURNAL OF HUMAN-COMPUTER INTERACTION 9

4.1.1. Role prompting strategy

After collecting the videos, we used ChatGPT (powered by GPT — 4 at the time of the study) to gener-
ate usability results. For the baseline AI condition, we first uploaded screenshots of the main interface
pages for each product directly into the ChatGPT interface. We then provided the corresponding user
task descriptions and video transcripts. Finally, we prompted ChatGPT to generate usability problem
descriptions, their underlying causes, and redesign recommendations using a structured format. The
prompt was as follows:

This is the transcript of a usability test where a participant used the think-aloud protocol to complete the
following tasks: [insert video tasks]

Transcript: [insert transcript from video]

Task: Based on your knowledge of the screenshots in the [insert product], please identify all the usability
problems that the participant may have encountered, the timestamps when the problem occurred, the
potential causes of why the problem occurred, and redesign recommendations to address the problem.
Provide your response in the format: Problem description, Start time, End time, Cause of Problem, and
Redesign recommendation.

For the tailored AI condition, we created a custom GPT, also powered by GPT — 4 at the time.
Following OpenAT’s Creating a GPT guide,” we configured the system instructions using the GPT
Builder interface in the ChatGPT web platform. The custom GPT was assigned the following persona:

You are an experienced UX evaluator with extensive hands-on experience in conducting user
research and a deep understanding of UX research methodologies and concepts (Rynes et al., 1997).
You frequently customize usability problem descriptions and prioritize ensuring reliability in your anal-
yses (Folstad et al., 2010; Kuang et al., 2022). Additionally, you actively question inconsistencies and
seek critical information to deepen your understanding of design goals (Foong et al., 2017).

We then followed the same procedure as with the baseline AI: first uploading product screenshots,
and then using the prompt to instruct the custom GPT to generate usability problem descriptions,
causes, and redesign recommendations. Prior research has shown that generating multiple responses
can improve the consistency and breadth of ChatGPT’s output (Giannakopoulos et al., 2023; Ronanki
et al., 2024). To ensure a more comprehensive set of usability problems, we prompted both the baseline
ChatGPT and the custom GPT three times per video. We then aggregated these responses by taking
the union of all unique usability problems identified across runs. When redundant or overlapping prob-
lems were detected, we retained the first instance. In cases where the same problem had contradictory
elements (eg, differing identified causes or redesign recommendations), we selected the version that
appeared with higher frequency across the three runs. A manual review confirmed that there were no
cases in which all three runs produced entirely different causes or redesign recommendations for the
same problem.

4.1.2. Human review strategy

For the human review strategy, we recruited 12 UX professionals (10 females, 2 males) with an average
of 4.6 years of UX experience (SD = 2.1).” Each participant analyzed all 15 usability videos under three
different conditions: no AI support (manual detection of usability problems), baseline AI support, and
tailored AI support. The analysis was conducted over five 1-hr sessions within a two-week period, where
participants analyzed three videos per session. This provided sufficient time for iterative analysis and
revision in the human-only, baseline AI & human, and tailored AI & human conditions, comparable to
the multi-round generation used in the Al-only conditions. The order of conditions across participants
was counterbalanced using a balanced Latin square design to ensure that each condition appeared
before and after every other condition an equal number of times (Schwind et al., 2023).

In both Al-supported conditions, participants were shown Al-generated usability problem sugges-
tions during their analysis, following a method similar to Kuang et al. (2024). We did not disclose the
differences between the baseline and tailored AI to the participants. When an Al-generated suggestion
appeared, participants had three options: they could accept the suggestion as is, edit it based on their
own judgment, or ignore it entirely. This approach ensured that participants critically reviewed each
suggestion, while ultimately retaining full responsibility for the final analysis.
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4.1.3. Dataset sampling

Following the prompt customization and human review of the 15 usability videos, we collected over
1,000 usability problem descriptions, along with their causes and redesign recommendations. Given the
size of this dataset, it was not feasible to have experts evaluate the full corpus without making the study
overly long. To address this, we applied a two-step subsampling approach for each video. First, we
identified the set of unique usability problems that appeared across all three human-involved condi-
tions: human-only (no Al), human & baseline Al, and human & tailored Al Since the baseline AI and
tailored AI problems were first generated then subsequently reviewed by humans, the human & baseline
AI and human & tailored Al conditions already covered problems in the Al-only conditions. Second,
from this list of overlapping problems, we randomly selected one problem per video. While a single
problem may not capture the range of severity or difficulty within a video, the study included 15 videos
spanning three distinct product types (i.e., a website, a mobile app, and a VR game), thereby prioritiz-
ing diversity in interaction contexts and ensuring coverage of usability problems across domains.

The two-step process ensured that the selected problem appeared in all five experimental conditions,
allowing for a consistent basis of comparison across Al and non-Al-generated results. In total, we cura-
ted 75 usability problem descriptions: five versions (one per condition) for each of the 15 videos. We
acknowledge that focusing on overlapping problems across all conditions may bias the selection toward
more apparent usability problems. However, this approach was necessary to enable a fair comparison
of the quality and content of problem descriptions across conditions, rather than the quantity or variety
of issues identified.

Examples of these wusability problem descriptions are in Supplementary Appendix A.2
(Supplementary Table 3 for the app video, Supplementary Table 4 for the website video, and
Supplementary Table 5 for the VR video). We report key characteristics of the dataset to provide con-
text on the usability test results, including the total word count and the LIX score,* a readability metric
that indicates the difficulty of a given text (Bjornsson, 1983). As mentioned in Section 2.2, the LIX
score has been employed to compare human-written and LLM-generated text (Schneiders et al., 2025).
Table 2 presents these metrics for each condition.

We conducted one-way between-subjects ANOVA tests, which revealed significant differences among
the five conditions in the word count for the cause (Fy70 = 3.0,p < 0.05, n; = 0.15) and redesign rec-
ommendations (Fy 70 = 14.1,p < 0.0001, ;712, = 0.45). We also observed significant differences in the LIX
scores for the problem (Fy 70 = 7.9,p < 0.0001,11}27 = 0.31), cause (Fy 7 = 3.0,p < 0.05, 1112, =0.15), and
redesign recommendations (Fy 70 = 9.7,p < 0.0001,11}5 = 0.36). Post-hoc comparisons with Bonferroni
correction indicated that the word count for the cause in the human-only condition was significantly
lower than in the baseline Al, baseline Al & human, and tailored AI & human conditions. Similarly,
the word count for redesign recommendations in the human-only condition was significantly lower
than in all other conditions, while the tailored AI & human condition had a significantly higher word
count than all others.

The LIX scores for the human-only condition ranged from 34.1 to 36.2, corresponding to readability
levels between “easy” and “average.”” For problem descriptions and redesign recommendations, the
human-only condition had significantly lower LIX scores than all other conditions. Additionally,
the LIX score for the cause in the human-only condition was significantly lower than in the tailored
Al-only condition. The tailored Al condition produced the highest LIX score (64.2), categorized as

Table 2. Word count and LIX scores for the usability result dataset across conditions, presented as “mean (standard
deviation).”

Variable Human only Baseline Al only Tailored Al only Baseline Al & human Tailored Al & human
Word count (problem) 9.5 (3.6) 8.6 (4.4) 7.1 (2.7) 8.5 (4.5) 7.7 (2.3)

Word count (cause)* 10.5 (6.2) 17.2 (4.7) 15.0 (5.9) 17.8 (7.3) 17.7 (9.3)

Word count (redesign 12.1 (5.0) 25.1 (5.1) 24.9 (6.7) 23.5 (6.4) 33.2 (12.9)

recommendation)***

LIX score (problem)*** 34.1 (17.1) 54.9 (13.4) 64.2 (17.9) 53.8 (14.3) 56.4 (14.0)

LIX score (cause)*® 36.2 (22.6) 46.2 (10.3) 53.2 (7.0) 45.3 (9.8) 42.1 (7.6)

LIX score (redesign 35.6 (10.3) 52.6 (9.6) 55.5 (9.8) 48.0 (11.9) 47.1 (11.8)

recommendation)***

Note: Asterisks denote a significant difference between conditions (*p < 0.05 and ***p < 0.001).
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“very difficult,” while the tailored AI & human condition ranged from 42.1 to 56.4, falling between
“average” and “difficult.” This pattern suggests that Al-generated text tends to be more complex and
that human involvement can reduce, but not eliminate, this complexity.

However, while LIX scores highlight differences in the readability of usability test results across con-
ditions, they do not directly reflect quality, as readability alone does not capture whether a problem is
accurately identified or if a recommendation is actionable. Therefore, to evaluate the practical utility of
the findings, we engaged expert UX evaluators to assess the dataset using structured criteria grounded
in UX practice.

4.2. Participants

Based on the screening survey results (Section 3.1.2), we determined participants’ eligibility for the
expert evaluation. The inclusion criteria required at least five years of UX experience, strong familiarity
with usability analysis, prior experience evaluating usability reports, and broad coverage across product
domains. To develop the evaluation criteria (Section 3.1.2), we first surveyed a broader group of UX
professionals (average 4.7 years of experience) to capture diverse usability practices. For the subsequent
criteria evaluation, we purposefully recruited more experienced experts to provide deeper and more
qualified judgments. Thus, some participants took part in both phases, ensuring continuity between the
development and evaluation of the criteria. This design allowed the criteria to be informed by general
UX practices while their assessment drew on expert-level insight.

Figure 2 presents the demographic distribution of the participants. In total, twelve UX experts (7
female, 5 male) took part in the evaluation, with an average age of 30.9 years (SD = 5.5) and an average
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Figure 2. Demographic information of participants in the expert evaluation.
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of 8.2years of UX experience (SD = 2.4). The participants represented a diverse professional back-
ground, working in organizations of varying sizes, from small companies with fewer than 100 employ-
ees to multinational enterprises with over 5,000 employees. They also came from a broad range of
industries, such as e-commerce and retail, media and entertainment, and software development, reflect-
ing a wide cross-section of UX practice contexts. All twelve had experience evaluating the usability of
desktop websites, 10 had evaluated mobile applications, six had evaluated virtual reality applications,
and five had worked with physical products. Eight experts reported being “extremely familiar” with
usability analysis, while four indicated they were “very familiar.” Their frequency of evaluations ranged
from weekly to quarterly.

4.3. Procedure

The expert evaluation consisted of a 90-min synchronous remote session followed by an asynchronous
survey. To facilitate the rating process, we created two Qualtrics surveys, each with 15 pages (one page
per video). Each page presented a video snippet illustrating a user encountering a usability issue, fol-
lowed by descriptions of the problem, its underlying cause, and redesign recommendations. The first
survey included three conditions per page: (1) human-only, (2) human & baseline Al, and (3) human
& tailored AI, while the second survey included two conditions: (1) baseline Al and (2) tailored Al In
both surveys, the order of conditions on each page was counterbalanced, and the sequence of the 15
pages was randomized to mitigate order effects. Although experts viewed each video once during the
synchronous session and once again in the follow-up survey, potential learning effects between the two
viewings cannot be fully ruled out. These effects may have increased familiarity with the videos, but the
one to two week gap and randomized order likely reduced their impact.

During the synchronous session, the experts were first introduced to the evaluation goals and then
provided with a survey link to complete their ratings. They were not informed of the differences
between conditions while completing the survey. After submitting their ratings, they participated in a
semi-structured interview. In the interview, experts first discussed their experiences using the evaluation
criteria and whether they believed the criteria accurately reflected the actual quality of the reports.
Subsequently, we presented the dataset of usability results that they just rated with the corresponding
conditions, allowing the experts to assess the overall quality of the reports and discuss any observed dif-
ferences between conditions. All sessions were video-recorded for later analysis. Within two weeks of
the synchronous session, experts completed the follow-up survey asynchronously.

4.4. Data analysis

For the qualitative data, the synchronous session recordings were initially transcribed using automatic
speech-to-text software. One researcher rewatched the recordings to manually correct any transcription
errors. Two researchers independently analyzed the corrected transcripts using inductive coding. We
then met to discuss the themes that emerged from the data, refining and grouping the codes into over-
arching themes through iterative discussions.

For the quantitative analysis of the ratings across various criteria, we performed Friedman’s Test, a
non-parametric test appropriate for within-subjects designs with three or more conditions, to assess
whether there were significant differences among the five conditions. We then conducted post hoc pair-
wise comparisons using Conover’s F test to identify which specific condition pairs showed significant
differences. Additionally, we reported the effect size for Friedman’s Test using Kendall's W coefficient
(W) to show the strength of the observed differences.

5. Results
5.1. RQ1: Effectiveness of quality evaluation criteria

To assess the effectiveness of the criteria set, we analyzed interview responses from expert evaluators,
using their feedback to validate the criteria. Overall, participants considered the seven criteria to be
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highly effective and user-friendly for evaluating the quality of usability reports. They also suggested
potential enhancements to the criteria. We characterized the effectiveness of our criteria (see list in
Section 3.2) from two perspectives: (1) Functionality and (2) Usability.

5.1.1. Functionality
Functionality encompasses the standardization and comprehensiveness of the criteria. Nine partici-
pants believed that the established criteria offered a new method of standardizing quality assessments.
Currently, participants relied on personally established (P7, P10, P11) or client-supplied (P5) criteria to
evaluate quality. A key advantage of establishing the set of criteria was facilitating the standardization
of all the information contained in the usability report. As P4 said, “Having this as a rubric can help
frame the report in a consistent way, including structure and level of details.” Additionally, participants
mentioned that this set of criteria was beneficial for generalized application across different types of
products.

Seven participants said that the set of criteria was sufficient to capture most of the important aspects
of usability results. In addition, serving as a foundation, it was flexible to add less frequent criteria for
specific cases, such as “adoption” (P5) and “sustainability” (P7) of the redesign recommendations.

5.1.2. Usability

Usability encompasses the content interpretability and ease of use of the criteria. Four participants
noted that learning the set of criteria required some effort. For instance, for the problem specificity, P3
said, “This implies that the statement is indeed more precise. I was a bit confused initially, but eventu-
ally I understood it on my own.” P8 recommended refining the criteria description to improve clarity
and make it easier to interpret for first-time users.

Seven participants emphasized that the rating system was “straightforward” (P12) and “easy to use”
(P2, P3, P5). P1 said, “If there were more like seven or nine points, it would take me longer to make a
decision.” In addition, P7 and P8 suggested changing the labels for the points from agree or disagree to
a score from one to five to easily quantify the ratings.

5.1.3. Qualitative feedback on the refinements of the criteria

Participants primarily proposed two refinements to our evaluation criteria. First, four participants iden-
tified potential overlap between “The usability problem description is accurate” and “specific.” P9 found
these two criteria to be quite similar, while P2 and P6 explained that they assigned identical ratings
across different conditions for both criteria. These findings suggest that these two criteria could either
be merged or their distinctions more clearly articulated.

Beyond our proposed criteria, participants suggested additional evaluation criteria outside our cur-
rent scope. For example, P3 and P10 emphasized the importance of “priority” and “severity” when
organizing multiple usability problems, with P3 noting, “Another consideration is arranging the prob-
lems according to their importance.” Similarly, P7 and P8 proposed “sustainability” and “diversity” as
additional criteria for evaluating redesign recommendations. P7 highlighted, “I think the sustainability,
the environmental side, is something we do not consider all the time.”

However, our criteria were specifically designed to evaluate the quality of individual usability prob-
lems rather than the structural organization of usability reports, which explains our exclusion of
“priority” and “severity.” Regarding “diversity,” while this criterion emerged from our literature review,
no participants mentioned it in our survey, indicating that it may not be widely applied in current
practice.

5.2. RQ2: Comparison of usability results between human-only, Al-only, and human-Al
collaborative analysis

Figure 3 presents a boxplot illustrating the ratings for the seven criteria across the five conditions.
Supplementary Table 6 in the Supplementary Appendix shows the p-value and effect sizes (r) for all
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Figure 3. Boxplot showing the median, interquartile range, and overall distribution of the ratings for the seven criteria
in each condition: human only, baseline Al only, tailored Al only, baseline Al & human, and tailored Al & human. The
mean of each condition is marked with “x” and asterisks denote a significant difference between conditions (*p < 0.05,
**p < 0.01, and ***p < 0.001). These visualizations highlight differences in central tendency and variability among con-
ditions. The boxes for the baseline Al & human and tailored Al & human conditions tended to rest above those for the
other three.

pairwise comparisons. Our results revealed four main patterns in the quality of the usability results:

The combination of human and Al was rated as significantly higher than either alone on all criteria.
The tailored AI condition performed at a similar level as a human for problem accuracy, problem
specificity, redesign recommendation feasibility, and redesign recommendation effectiveness, while
both were significantly higher than the baseline AI.

e Both baseline and tailored Als were rated as significantly worse at determining the accuracy and jus-
tification of the cause of usability problems than humans only.

e Usability findings generated by humans were rated significantly less clear in language than those
produced under Al conditions.

We discuss the differences for each criterion below:

5.2.1. Criteria 1: Problem accuracy

Friedman’s test revealed significant differences across the conditions (}*(4) = 67.38,
p < 0.0001, W = 0.10°). Post hoc pairwise comparisons with Conover’s F indicated significant differen-
ces between all condition pairs, except for two: (1) the human-only condition compared to the tailored
Al-only condition, and (2) the baseline AI & human combination compared to the tailored AI &
human combination.

The baseline Al-only condition produced the least accurate problem descriptions, with pairwise
effect sizes ranging from r = 0.17 (interpreted as small) to r = 0.36 (interpreted as medium).” In con-
trast, the tailored Al-only and human-only conditions resulted in more accurate descriptions, though
no significant difference was found between these two conditions. For instance, P9 noted, “The tailored
AT and human both identified the right issue, but the human used more casual language.”

Furthermore, the AI and human combinations outperformed the conditions where only a AI or
human was involved, with r ranging from 0.16 (small) to 0.36 (medium). However, no significant dif-
ference emerged between the two combined conditions. P5 observed, “I do like how the AI [and
human] is more accurate,” while P8 commented, “I think the human plus tailored AI definitely
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produced the highest quality in defining the problem.” This feedback suggests that human involvement
enhanced the AD's accuracy, effectively compensating for the discrepancies in the AI's standalone
performance.

5.2.2. Criteria 2: Problem specificity

Friedman’s test revealed significant differences across the conditions (3*(4) = 69.96,
p < 0.0001, W = 0.10). Post hoc pairwise comparisons indicated significant differences between all pairs
except two: (1) the human-only condition compared to the tailored Al-only condition, and (2) the
baseline AI & human combination compared to the tailored Al & human combination.

The pattern of ratings for problem specificity mirrors that of problem accuracy (Criteria 1). The
combination of Al and human consistently outperformed the conditions where either AI or human
worked alone with r ranging from 0.14 (small) to 0.37 (medium), although no significant difference
was found between the two combined conditions. As P12 noted, “The most detailed ones are from
human and AI together.” This suggests that human involvement improved the specificity of the AIs
results, while the tailored AI performed comparably to human evaluators but significantly better than
the baseline Al

5.2.3. Criteria 3: Cause accuracy

Friedman’s test revealed significant differences across the conditions (y*(4) = 164.45,
p < 0.0001, W = 0.23). Post hoc pairwise comparisons showed significant differences between all pairs
except two: (1) baseline Al-only compared to tailored Al-only, and (2) baseline AI & human compared
to tailored AI & human.

As shown in Figure 4, there were no significant differences between the baseline Al-only and tail-
ored Al-only conditions, suggesting that role prompting did not improve the AI’s ability to accurately
identify the causes of usability problems. Human-identified causes were rated significantly more accur-
ate than those generated by the baseline Al-only (r = 0.20) and tailored Al-only (r = 0.14) conditions.
Although both effect sizes were small, several participants noticed differences. For instance, P1 men-
tioned, “The human identified the more correct root cause,” while P7 noted, “I feel some of the Al
descriptions didn’t identify the root cause since it only reads or watches a specific part of the video.”
Moreover, the combination of AI and human consistently outperformed the conditions where either a
AT or human worked alone, with r ranging from 0.32 (medium) to 0.51 (large). Again, no significant
difference was found between the two combined conditions.
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5.2.4. Criteria 4: Cause justification

Friedman’s test revealed significant differences across the conditions (}*(4) = 125.31,
p < 0.0001, W = 0.18). Post hoc pairwise comparisons showed significant differences between all pairs,
except for two: (1) baseline Al-only compared to tailored Al-only, and (2) baseline AI & human com-
pared to tailored Al & human.

This pattern aligns with the results for cause accuracy (Criteria 3), indicating that human-only descrip-
tions provided stronger justifications than baseline Al-only (r = 0.22) and tailored Al-only (r = 0.17),
although the effect sizes were both small. As P2 observed, “I feel like humans interpret data better and
explain it better to other humans.” Furthermore, the combination of Al and human consistently pro-
duced the best results, with r ranging from 0.22 (small) to 0.46 (medium). P8 also noted, “The human
and Al together provide more interpretations of what could be the reasons behind the problem.”

5.2.5. Criteria 5: Redesign recommendation feasibility

A statistical analysis using Friedman’s test revealed significant differences across the conditions
(¥*(4) = 125.60, p < 0.0001, W = 0.18). Post hoc pairwise comparisons showed significant differences
between all pairs, except for two: (1) human-only compared to tailored Al-only, and (2) baseline AI &
human compared to tailored AI & human.

As illustrated in Figure 4, the ratings for the feasibility of redesign recommendations followed the
same pattern as those for problem accuracy (Criteria 1) and problem specificity (Criteria 2). This sug-
gests that human involvement enhanced the feasibility of the AD's recommendations, with r ranging
from 0.27 (small) to 0.51 (large). The tailored AI performed at a similar level to human evaluators but
significantly outperformed the baseline AI (r = 0.20). For instance, P8 commented, “The tailored AI
with human gives a more diverse and feasible set of ideas compared to the others.” Moreover, the com-
bination of AI and human consistently produced the most feasible redesign recommendations, as Al
alone sometimes provides “a very mainstream solution” (P2).

5.2.6. Criteria 6: Redesign recommendation effectiveness

A statistical analysis using Friedman’s test revealed significant differences across the conditions
(4*(4) = 174.58,p < 0.0001, W = 0.24). Post hoc pairwise comparisons showed significant differences
between all pairs, except for two: (1) human-only compared to tailored AI-only, and (2) baseline Al &
human compared to tailored AI & human.

The ratings for the effectiveness of redesign recommendations followed a similar pattern to those for
problem accuracy (Criteria 1), problem specificity (Criteria 2), and feasibility of redesign recommenda-
tions (Criteria 5). Human involvement improved the effectiveness of the AI's recommendations, with
the tailored AI performing comparably to human evaluators but significantly better than the baseline
Al (r = 0.17). The combination of Al and human consistently led to the most effective redesign recom-
mendations, with r ranging from 0.36 (medium) to 0.58 (large). Participants also appeared more com-
fortable using AI for redesign recommendations compared to identifying problems and root causes. As
P5 noted, “I definitely like the AI for the redesign recommendations, those are pretty good. So I would
always use Al for redesign recommendations, while for the others, I rely more on humans.”

5.2.7. Criteria 7: Clarity of language

Friedman’s test revealed significant differences across the conditions (}*(4) = 101.65,
p < 0.0001, W = 0.14). Post hoc pairwise comparisons showed significant differences between all pairs,
except for two: (1) baseline Al-only compared to tailored Al-only, and (2) baseline AI & human com-
pared to tailored Al & human.

Unlike the other criteria, the human-only condition was rated significantly lower than all other con-
ditions, with r ranging from 0.13 (small) to 0.42 (medium). No significant differences were found
between the baseline Al-only and tailored Al-only conditions, nor between the two combined human-
Al conditions. Participants noted key differences in language clarity based on the length of descriptions,
level of detail, and formality. The human-only condition tended to have “shorter descriptions” (P1-3,
P6-9), “grammar mistakes” (P1, P10), and was often written in a “very free-form manner, like spoken
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language” (P6). In contrast, the Al-involved conditions were perceived to have “better wording” (P9)
and were written in a more formal style, with “academic definitions, like in a human-computer inter-
action textbook” (P10). However, participants also identified instances where Als used “weird terms”
(P8), were “difficult to understand” (P3), or sounded “just like AI” (P4). For example, the baseline Al
described a problem as “difficulty in achieving desired design elements,” which participants found
overly verbose. Our findings suggest that incorporating a baseline or tailored Al improved the formality
of the human evaluators’ language. The combination of AI and human achieved the highest language
clarity, with effect sizes ranging from r = 0.21 (small) to r = 0.42 (medium). This improvement may
stem from human input mitigating the AT’s tendency to use jargon or complex phrasing. As shown in
the LIX metrics (Table 2), the baseline AI & human and tailored AI & human conditions produced
text that was easier to read than either Al-only condition.

5.2.8. Qualitative feedback on the role of Al

While completing the ratings, seven out of twelve participants did not suspect that any of the usability
results were Al-generated. Some assumed they were written by different UX researchers with varying
levels of experience. However, four participants suspected Al involvement due to the language style and
the use of awkward or sophisticated terminology. For instance, P4 remarked, “The AI said
‘manipulation of something,’ whereas a human would say something more conversational, like ‘it’s
hard to manipulate something’.” One participant noted that they did not mind whether the results
were Al-generated, as Al tools are already integrated into their workplace, and it is expected that these
tools will be in use.

Opverall, participants believed that AI can help overcome language barriers and improve the polish of
human-written content. However, they suggested that Al language should become more conversational
and easier to understand. A key strength of AI was seen in its ability to offer a broader range of
redesign suggestions, complementing those proposed by humans. Additionally, participants felt that Al
provides an objective perspective when analyzing usability problems, offering quick starting points that
improve efficiency. While AI can accelerate the initial analysis, participants emphasized that humans
should remain responsible for reviewing AI suggestions and identifying deeper root causes. Al can also
contribute insights from domains outside of design, further enhancing the analysis. Given the increas-
ing integration of AI into human workflows, participants anticipated that AI involvement would
become a standard part of future work processes.

6. Discussion
6.1. Impact of Al on the perceived quality of usability results

6.1.1. Usability problem identification results

Our results indicate that, in terms of problem accuracy and specificity, the baseline Al received the low-
est ratings, the tailored AI performed at an equivalent level to human-only condition, and the two AI-
human conditions received the highest ratings. Given that AI identified usability problems based on
transcripts of usability test videos in our study, the identification performance is influenced by semantic
understanding capabilities.

Prior studies have primarily compared the accuracy and recall of different LLMs in identifying
usability problems (Duan, Warner, et al.,, 2024). Our study extends this line of research by examining
how LLM prompt engineering influences the quality of usability result descriptions. The results demon-
strate that role prompting can improve problem accuracy and specificity to a level comparable to
human-only evaluators. This finding aligns with previous work showing that role prompting is an
effective strategy for accurately identifying usability problems and generating clear responses (Shin
et al., 2025). A possible explanation is that prompt engineering enhances the semantic understanding
capabilities of LLMs. Evidence from the healthcare domain supports this explanation, where the initial
semantic understanding accuracy of ChatGPT 4 (78.73%) increased to 79.54% after refining prompts by
incorporating core responsibilities and duties into the instructions (Pope et al., 2025).
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Previous studies have also found that LLMs occasionally generate inaccurate descriptions of usability
problems. For example, Kuang et al. reported that GPT-3.5 inaccurately described users’ difficulty find-
ing Coke in the drinks section as difficulty locating the “drinks” category (Kuang et al., 2024).
Similarly, as shown in Supplementary Appendix A.2, LLMs sometimes generated general descriptions,
such as “Unclear control scheme of gameplay,” that obscure the specific design elements requiring
redesign. In such cases, human evaluators needed to specify these elements to facilitate future redesign.
This may explain why human involvement improved accuracy and specificity. Moreover, prior research
has identified issues in human-written usability test reports, such as emotional wording, usability jar-
gon, and vague comments (Dumas et al., 2004). LLMs, in contrast, showed potential to generate more
neutral, accessible, and specific descriptions. This may further explain why human-AI collaboration
outperforms the human-only condition in describing usability problems.

6.1.2. Cause identification results

For cause identification, the human-only condition was rated higher than both the baseline and tailored
Al conditions. This suggests that AI on its own still lacks the reasoning and interpretive abilities needed
to accurately identify root causes of usability problems and provide sufficient justification. This finding
complements prior work on LLM-supported usability evaluation, which usually overlooked the under-
standing of causes. Previous studies primarily focused on generating the problem descriptions and
improvement suggestions (Duan, Warner, et al., 2024; Kuang et al., 2024; Shin et al., 2025).

Root cause analysis in usability evaluation requires more than surface-level observations. It involves
understanding the user’s intent and expectations, analyzing the specific product features involved, and
identifying the actions leading up to the occurrence of the problem. This process typically draws on
user interaction data, qualitative feedback, and system logs to determine why a problem emerged
(Ghulam Jillani, 2025). This type of reasoning often draws on “Theory of Mind” (ToM): the ability to
infer others’ beliefs, desires, and intentions based on their behavior (Leslie et al., 2004). While GPT — 4
has demonstrated some ToM-like capabilities resembling human inference, these remain unreliable, and
other LLMs perform even more poorly (Gandhi et al, 2023). In addition, LLMs show limitations in
processing visual-modal information. Although they can recognize objects, actions, and events, they
require large amounts of labeled data and may not capture contextual and fine-grained details of the
content (Zhao et al., 2023; Zhou et al., 2024). Both ToM reasoning and visual understanding are critical
in usability evaluation, especially when evaluators must analyze recorded usability sessions to identify
the root causes of problems. Even in text-based evaluations, limitations persist. For example, a recent
study applied LLMs to conduct heuristic evaluations of the codebases for thirty open-source websites.
While the models could identify some usability problems, their reasoning and severity assessments were
inconsistent and often unreliable (Platt et al., 2025).

Moreover, such reasoning requires substantial domain knowledge and contextual understanding, which
general-purpose LLMs may lack. In our study, we provided contextual information as comprehensively as
possible, including usability test tasks, think-aloud transcripts, and product interfaces. However, the prob-
lem causes may extend beyond these interface- or interaction-based cues to user-specific characteristics
(Mendoza & Novick, 2005). Therefore, LLMs cannot access the same depth of contextual understanding
as human evaluators, which may contribute to their poorer performance in identifying underlying causes.
As previous research indicates, improving the ToM reasoning capabilities of LLMs requires structured
frameworks or fine-tuning with domain-specific datasets (Galitsky, 2025). This finding may help explain
our results. Role prompting alone cannot improve performance in identifying underlying causes, since it
neither strengthens ToM reasoning nor supplements contextual understanding. Together, these findings
underscore the importance of human expertise in root cause identification. While LLMs can assist with
surface-level problem detection, they are currently insufficient for the deeper reasoning required to
explain why usability problems occur.

6.1.3. Redesign recommendation ideation results
Generating redesign recommendations is an ideation activity under constraints, focusing on resolving
identified usability problems. Our results indicate that, in terms of recommendation feasibility and
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effectiveness, the baseline AI received the lowest ratings, the tailored AI performed at an equivalent
level to the human-only condition, and the two Al-human conditions received the highest ratings.
Although previous studies have also leveraged LLMs to generate redesign recommendation, they either
overlooked evaluation or assessed them using general metrics such as “helpfulness” (Duan, Warner,
et al., 2024; Shin et al., 2025). Our findings complement this literature by providing a more nuanced
understanding of why recommendations are helpful or not under different conditions. It should be
noted that, compared to initial design ideation that emphasizes creativity, redesign focuses on feasibility
and effectiveness, facilitating quick problem fixes (Hornbaek & Frekjeer, 2005). Therefore, our findings
may be limited to product redesign contexts.

Previous studies have showed that LLMs can effectively generate design suggestions under various
constraints, ranging from broad ones such as product industry to specific ones like color schemes
(Shokrizadeh et al.,, 2025). Our findings extend this point by demonstrating that role prompting is an
effective method to further improve the quality of design suggestions under constraints. A possible
explanation is that generating high-quality redesign recommendations requires certain domain know-
ledge, such as formal rules (eg, Nielsen’s 10 Usability Heuristic) and best practices (eg, existing features
of similar applications) (Adinda & Suzianti, 2018). Role prompting can help elicit the LLMs’ domain-
specific capabilities (Pope et al., 2025; Sun et al., 2024), thereby raising the feasibility and effectiveness
of redesign recommendations to a level comparable to human evaluators. However, Duan et al. also
identified that even with prompting engineering, LLMs may still generate some vague suggestions, and
users called for more concrete guidance such as “change this color to a specific value” (Duan, Warner,
et al., 2024). This highlights the necessity of human oversight.

Previous studies have also pointed out that a common problem with human-written redesign recom-
mendations is vagueness, such as “change the visual representation to discourage ... behavior” (Dumas
et al,, 2004; Molich et al, 2007). Our findings align with these observations, revealing that the word
count of redesign recommendations proposed by human evaluators is significantly lower than that of
Al-generated ones, suggesting insufficient elaboration to clearly articulate the details. AI can mitigate
this challenge by providing more specific drafts for human evaluators. This may explain why the two
human-AI collaboration conditions outperformed the human-only condition in ideating redesign
recommendations.

6.1.4. Language for usability results
Previous studies on LLM-supported usability evaluation have largely overlooked the linguistic dimen-
sion of generated results (Duan, Warner, et al.,, 2024; Kuang et al., 2024; Shin et al., 2025). Given that
little domain-specific evidence exists, our discussion of this section draws on cross-domain findings
from studies of Al-generated text quality to interpret the linguistic patterns observed in reporting the
usability test results. Our results indicate that, in terms of language clarity, the human-only condition
received the lowest ratings, followed by the two Al-only conditions, while the two AI-human conditions
received the highest ratings. Although the Al-only conditions were rated higher than the human-only
condition, prior research has identified several issues in Al-generated text. For instance, LLMs have
been found to fall short as effective creative support tools for comedy writing, often generating bland
and biased tropes (Mirowski et al., 2024). They also struggled with specificity and interpreting subtext
in story summarization (Subbiah et al., 2024) and tended to produce overly positive narratives that
lacked tension (Tian et al., 2024). Additionally, Al-generated text exhibits undesirable idiosyncrasies,
which can be categorized into a seven-category taxonomy, including clichés, unnecessary exposition,
purple prose, poor sentence structure, lack of specificity and detail, awkward word choice and phrasing,
and tense inconsistency (Chakrabarty et al., 2025). These cross-domain observations, although drawn
from creative and narrative writing, reveal similar tendencies that can undermine the clarity and per-
ceived usefulness of usability test results. Consistent with this findings, participants in our study also
noted many of these issues, suspecting Al involvement due to the language style and the use of awk-
ward or overly sophisticated terminology.

Language Length and Complexity: Interestingly, a study in the legal domain found that participants
were significantly more willing to act on LLM-generated advice than lawyer-generated advice when
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unaware of the source (Schneiders et al., 2025). The researchers suggested that this could be due to par-
ticipants conflating complexity with quality, as the LLM-generated advice contained more words on
average and had a higher LIX score than the lawyer-generated advice. A similar pattern emerged in our
study: the four conditions incorporating Al-generated suggestions had significantly higher word counts
for cause and redesign recommendations, as well as significantly higher LIX scores for all three ele-
ments, compared to the human-only condition. However, we found that human involvement reduced
text complexity. For example, the average LIX score for problem descriptions decreased from 64.2 in
the tailored AI condition to 56.4 in the tailored AI & human condition (Table 2). Although this reduc-
tion was not statistically significant, it suggests that human involvement helped refine Al-generated
usability results, potentially by eliminating awkward phrasing and overly sophisticated terminology. In
reporting usability test results, linguistic moderation is essential for reducing unnecessary complexity
and improving communicative quality, thereby enhancing both their comprehensibility and actionabil-
ity (Dumas et al., 2004).

Comparability to Real-World Usability Results: LLMs often exhibit overconfidence in their descrip-
tions, using complex vocabulary, structured sentence patterns, and formal syntax (Chhikara, 2025). While
this can enhance the perceived fluency and authority, it also increases the risk of exposing users to
decisively worded but hallucinated facts. LLMs are trained to follow grammatical rules and generate con-
vincing, well-structured responses, making them particularly effective for formal writing tasks such as
reports (Schneiders et al., 2025). However, their strengths in structured language contrast with the more
free-form and rough-note style commonly used by human evaluators during video analysis.

In real-world usability evaluations, human-generated notes often require post-processing to refine their
structure and clarity. For instance, humans may need to edit their own descriptions or have them
reviewed by colleagues to ensure readability and professionalism (Woodmass, 2020; Xtensio, 2023).
Moreover, when presenting findings to stakeholders, UX evaluators typically invest significant time in cre-
ating slides and refining language for clarity and impact—an effort that was not replicated in the con-
trolled context of our studies (IxDF, 2018; Schade, 2013). Thus, a key implication of our study is that Al
can serve as a valuable tool for refining usability reports, improving clarity, structure, and coherence for
professional communication. Rather than replacing human judgment, Al could be leveraged as an assist-
ant to enhance the presentation of usability results, helping UX evaluators more efficiently and effectively
convey insights to stakeholders. Therefore, while parallels with other domains help us interpret the lin-
guistic behavior of LLMs, our study focuses on revealing how different conditions shape distinct linguistic
tendencies, which influence the communicative quality of usability test results.

6.2. Implications for human-Al synergy in usability analysis

When comparing the three conditions involving human participation—human-only, baseline Al &
human, and tailored AI & human—we found that the latter two were consistently rated significantly
higher than the human-only condition. This suggests that joint performance results in the highest qual-
ity of usability problem descriptions, root causes, and redesign recommendations. The benefits of AlI-
assisted collaboration have been widely demonstrated in prior research. By combining human creativity
and contextual understanding with AI’s scalability and analytical capabilities, human-AI teams can pro-
duce more innovative solutions and improve decision-making (Nicolescu & Tudorache, 2022; Vaccaro
et al., 2024; Zhang et al, 2020). This aligns with the concept of “human augmentation,” in which
human-AI collaboration enhances human abilities and outperforms humans working alone (Vaccaro
et al., 2024). A related but distinct concept is “human-AI synergy,” where the collaboration between
humans and Al not only surpasses human-only performance but also exceeds the capabilities of Al
alone (Bansal et al., 2021; Vaccaro et al., 2024). Our findings contribute to this growing body of evi-
dence, demonstrating that AI can play a valuable role in usability analysis by refining human-generated
insights, improving clarity, and aiding in structured decision-making.

Interestingly, a meta-analysis of 106 experiments comparing human-only, Al-only, and human-AI
systems found strong evidence for human augmentation but negative human-AI synergy. In other
words, human-AI collaboration often underperformed compared to either humans or AI alone in cer-
tain cases (Vaccaro et al., 2024). However, a closer analysis revealed that the effect size for human-AI
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synergy varied by task type: it was positive for content creation tasks (eg, generating open-ended
responses) but negative for decision-making tasks (eg, selecting from a predefined set of options)
(Vaccaro et al,, 2024). Since our study involved generating open-ended usability descriptions based on
video observations, our findings align with the positive human-AI synergy observed in content creation
tasks. This suggests that Al can effectively support usability analysis by enhancing human-generated
descriptions, reinforcing the idea that human-AI collaboration is particularly beneficial in tasks requir-
ing creativity and contextual interpretation.

Another important question raised by our study is whether AI could eventually replace humans in
usability analysis. Our results show that with carefully customized prompts, ChatGPT—when prompted to
act as an experienced UX evaluator—performed at a comparable level to human evaluators in terms of
problem description accuracy and specificity, as well as the feasibility and effectiveness of redesign recom-
mendations. However, AI still lacked the reasoning and interpretive capabilities needed to accurately iden-
tify root causes and provide sufficient justification. Despite AI's ability to generate structured and well-
articulated insights, human involvement remains crucial for interpreting those insights with empathy, which
involves understanding users’ contexts, emotions, and needs. Each evaluator brings a unique perspective
shaped by personal beliefs, experiences, and cultural background, which AI cannot fully replicate. This need
for human insight is supported by studies showing that while ChatGPT helped users generate a greater
number of ideas, it also introduced homogenization effects, which reduced semantic diversity among differ-
ent users (Anderson et al,, 2024) and decreased overall lexical and content variation in augmentative essay
writing (Moon et al., 2025). Similarly, when a Western-centric AI model provided writing suggestions to
users from different cultural backgrounds, participants adapted to Western writing norms, diminishing
nuances essential for cultural expression (Agarwal et al., 2025). In usability analysis, designing for diverse
audiences requires a deep understanding of cultural context, lived experience, and historical background,
which are factors that AI alone cannot fully capture. This diversity in perspective is vital for identifying
problems and solutions that are meaningful and inclusive across user groups. While AI can help structure
and surface insights, human evaluators are essential for interpreting findings in ways that honor cultural
nuance and ensure that design recommendations are contextually appropriate and equitable.

Overall, our study reinforces the continued need for human involvement in the usability analysis
process, highlighting the potential for human-AI synergy. Rather than replacing human evaluators, Al
can serve as a valuable tool for augmenting usability analysis by enhancing clarity, structure, and idea
generation. Future research could further optimize this synergy by exploring methods to calibrate users’
trust in AI, such as integrating explanations and confidence scores (Zhang et al., 2020), providing
source references for Al-generated insights (S. S. Y. Kim et al., 2025), and personalizing Al assistance
based on individual tendencies toward over-reliance or under-reliance on Al (Swaroop et al., 2025). By
refining AD’s role in usability analysis, we can ensure that Al serves as a collaborative partner that
enhances, rather than diminishes, the depth and reliability of human-driven insights.

6.3. Effectiveness and generalizability of the proposed evaluation criteria

Our work introduces a foundational criteria set for evaluating the quality of usability test results (see
Section 3.2) and demonstrates its practical effectiveness through expert evaluation. In our study, UX
experts assessed Al-, human-, and hybrid-generated usability test results across all seven criteria. The
findings in Section 5.2 indicate that the proposed criteria set is effective in distinguishing the strengths
and limitations of different conditions. Moreover, because our study included usability test results span-
ning a range of product types (eg, mobile apps, Al tools, and VR environments) as well as tasks like
daily routines, creative work, and games, the criteria have demonstrated applicability across diverse
contexts. This suggests that our framework can serve as a reliable foundation for assessing usability
insight quality in practical UX workflows.

However, much like Nielsen’s original 10 usability heuristics, which were first proposed in 1990 and
subsequently adapted to other product types such as VR products,” video games,” and cartoons," our
criteria set is not static and can be adapted. When applied to emerging Al products, Nielsen’s heuristics
were expanded to include additional heuristics such as “transparency,” “explainability,” and “bias and
fairness.”'! Similarly, when applying our criteria beyond the scope of product types in our dataset, such

»
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as human-machine interfaces in vehicles and smart home systems, additional criteria closely related to
specific product characteristics may be required.

Expert feedback in our study also pointed to additional criteria beyond our initial seven, such as
“sustainability” and “diversity” (see Section 5.1). These suggestions reflect how companies may tailor
usability evaluation to align with strategic priorities. For instance, firms emphasizing environmental
impact may incorporate “sustainability” as a key usability concern (Santolaria et al., 2011), while start-
ups prioritizing innovation might value criteria related to idea diversity or differentiation from competi-
tors (Aminova & Marchi, 2021).

In summary, our criteria set has proven effective as a core framework for evaluating usability insight
quality and can be adapted or extended to meet the evolving demands of emerging technologies and
organizational contexts. It offers a structured, expert-validated foundation that can guide both research
and practice in UX evaluation, while remaining open to domain-specific enhancements.

6.4. Limitations and future work

While our study provides valuable insights into human-AI collaboration in usability analysis, several
limitations highlight opportunities for future research. A growing concern in Al-assisted design is the
tendency of AI models to prioritize Western values and norms. For instance, studies have shown that
Al-generated writing suggestions can homogenize text toward Western linguistic and rhetorical styles,
diminishing cultural nuances (Agarwal et al., 2025). Since our study focused solely on Western-
designed applications and was conducted in English, it remains unclear how Al impacts usability ana-
lysis in non-Western contexts or multilingual settings. Future research should explore the role of Al in
usability evaluations across diverse cultural perspectives, languages, and user expectations. Investigating
how Al-generated usability test results align with or diverge from region-specific design principles and
user behaviors would be particularly valuable.

Our study was based on a relatively small dataset of 15 usability testing videos across three product
categories: websites, mobile applications, and VR applications. While these categories represent a broad
range of digital experiences, they do not capture the full diversity of usability challenges across different
domains, such as smart home devices, automotive interfaces, or enterprise software. Future studies
should expand the scope to include a wider variety of products and interaction modalities, ensuring
that findings generalize across different types of usability evaluations. Furthermore, the dataset of
usability test results showed significant differences in word count and LIX, which may bias perceived
“accuracy” (eg, longer or more technical text may be perceived as more accurate). While we did not
control for these factors across conditions to preserve ecological validity, future work could systematic-
ally control or normalize them to better isolate their effects on perceived accuracy.

We developed a set of evaluation criteria for usability results based on a literature review and a sur-
vey of UX evaluators. Our expert evaluation with twelve participants confirmed that these criteria were
useful and accurately reflected usability result quality. However, given the small sample size, a larger-
scale study is needed to validate whether these criteria generalize across a broader population of UX
professionals. Although we reported participants’ UX-related demographics (eg, years of experience,
company size, industry), we did not collect information on seniority levels, which could further validate
their expertise. Furthermore, we did not provide explicit rating guidelines (eg, examples of “high” vs.
“low” feasibility) for the evaluation criteria. Instead, we relied on the experts’ professional judgment to
interpret and apply each criterion. While this approach reflects real-world evaluation practices, it may
have introduced some variability in interpretation. Future work should develop and validate clearer
operational definitions and rating examples to improve consistency and replicability across evaluators.

7. Conclusion

This study addressed two gaps in the field: the lack of standardized criteria for evaluating Al-generated
usability test results, and the limited understanding of how moderation strategies, such as role prompt-
ing and human review, impact the quality of those insights. We developed a validated set of seven
evaluation criteria grounded in UX literature and professional feedback, offering a practical framework
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for assessing the quality of usability findings. Using these criteria, we evaluated outputs generated under
five conditions, revealing that human-AI collaboration—particularly with a tailored AI and human
moderation—consistently produced higher-quality results than either humans or AI alone. While Al
contributed strengths in language clarity and structure, human evaluators were critical for interpreting
root causes and ensuring the relevance and feasibility of redesign recommendations. Rather than
humans or AI working in isolation, we advocate for collaborative workflows where each complements
the other’s strengths. These insights contribute to the broader human-computer interaction discourse
on designing intelligent systems that collaborate with human experts in cognitively complex tasks.

Notes

1. See https://measuringu.com/three-goals/.

See https://help.openai.com/en/articles/8554397-creating-a-gpt.

3. This manuscript draws on usability results collected from a prior user study that examined the longitudinal
impact of Al-assisted tools on UX evaluators’ ability to identify usability problems. That study is currently
under review. All data were collected in accordance with IRB-approved protocols, and informed consent was
obtained from all participants.

4. LIX :%—5—%, where A =number of words in the text, B=number of sentences, and C=number of
words with more than six letters

5. LIX ranking: Very Easy: 20; Easy: 30; Average: 40; Difficult: 50; Very Difficult: 60

6. Kendall's W uses Cohen’s interpretation guidelines of 0.1 < 0.3 (small effect), 0.3 < 0.5 (moderate effect) and
>= 0.5 (large effect), as summarized in a commonly used online reference (https://rpkgs.datanovia.com/
rstatix/reference/friedman_effsize.html).

7. r also uses Cohen’s interpretation guidelines of 0.1 < 0.3 (small effect), 0.3 < 0.5 (moderate effect) and >=
0.5 (large effect) (Brydges, 2019).

8. See https://www.nngroup.com/articles/usability-heuristics-virtual-reality/.

9. See https://www.nngroup.com/articles/usability-heuristics-applied-video-games/.

10. See https://www.uxtigers.com/post/heuristics-cartoons.
11.  See https://www.uxstudioteam.com/ux-blog/10-usability-principles-for-ai.
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