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Abstract

Usability inspection is an important activity for identifying inter-
action problems, and recent advances in Large Language Models
(LLMs) have created new opportunities to support or automate
this process. However, it remains unclear how LLMs have been
applied to usability inspection, which evidence and inspection cri-
teria they rely on, and how their outputs are validated. This paper
presents a systematic literature mapping of LLM-based usability
and UX inspection. From 401 publications retrieved from Scopus,
ACM Digital Library, IEEE Xplore, and SBC OpenLib, 14 primary
studies published between 2023 and 2025 were selected. The studies
were analyzed with respect to LLMs, prompting strategies, input
artifacts, inspection criteria, validation approaches, and reported
limitations. The results show a predominance of GPT-4-family mod-
els and fully automated workflows, with screenshots and structured
Ul representations as the most common input artifacts. Prompt en-
gineering, particularly role prompting and chain-of-thought, is
widely adopted, while validation practices remain heterogeneous.
Recurring limitations include hallucinations, false positives, limited
contextual judgment, and prompt dependence. These findings indi-
cate that LLM-based usability inspection is an emerging topic in
Intelligent Software Engineering, in which human-AI collaboration
currently appears more realistic than full automation.
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1 Introduction

Usability is a critical quality attribute in interactive software sys-
tems, directly affecting effectiveness, efficiency, satisfaction, engage-
ment, conversion, and retention [7, 14]. Among usability evaluation
methods, usability inspection is widely adopted because it enables
specialists to identify interaction problems based on predefined
principles, heuristics, or guidelines without requiring end users
[13]. Although less expensive than empirical user studies, inspec-
tion still depends heavily on human expertise and interpretation,
motivating increasing interest in intelligent techniques that can
support or partially automate this activity.

Recent advances in Large Language Models (LLMs) have cre-
ated new opportunities for Intelligent Software Engineering by
enabling intelligent analysis of software artifacts throughout the
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software lifecycle. In usability inspection, LLMs can analyze screen-
shots, structured Ul representations, accessibility metadata, inter-
face descriptions, and interaction logs to identify potential usability
problems, supporting Al-assisted software quality workflows.

Despite the growing number of primary studies, there is still no
secondary study specifically focused on how LLMs support usabil-
ity inspection from a software engineering perspective. Existing
reviews discuss broader topics such as Al for usability evaluation,
automated usability problem detection, or generative Al for UX test-
ing [9, 10, 17], but they do not characterize the models, prompting
strategies, evidence artifacts, validation practices, and limitations
of LLM-based usability inspection.

This paper addresses this gap through a systematic literature
mapping of LLM-based usability and UX inspection. The mapping
selected 14 primary studies from 401 publications retrieved from
Scopus, ACM Digital Library, IEEE Xplore, and SBC OpenLib. The
objective is to characterize how LLMs are currently employed to
support usability inspection, identify methodological trends and
validation practices, and discuss implications for future research
and industrial adoption. From an Intelligent Software Engineering
perspective, this positions usability inspection as an Al-assisted
software quality activity in which intelligent techniques must be
integrated into engineering workflows while preserving reliability,
traceability, and human validation.

This paper makes three main contributions. First, it provides a
structured mapping of the LLMs, prompting strategies, automation
levels, interface types, and input artifacts adopted in usability in-
spection. Second, it synthesizes how studies operationalize and val-
idate inspection outputs using software-facing artifacts, heuristics,
benchmarks, expert judgment, and quantitative metrics. Third, it
identifies recurring limitations and research gaps, highlighting why
human-AlI collaboration remains central to reliable and evidence-
grounded usability inspection.

The remainder of this paper is organized as follows. Section 2
presents background and related work. Section 3 describes the study
design. Section 4 reports the mapping results. Section 5 discusses
the findings in light of prior work. Section 6 presents implications
for research and industry. Section 7 discusses threats to validity.
Finally, Section 8 concludes the paper.

2 Background and Related Work

Usability is commonly understood as the extent to which a product
can be used by specified users to achieve specified goals with ef-
fectiveness, efficiency, and satisfaction in a specified context of use
[7]. In software engineering, usability is treated as a non-functional
requirement and a software quality attribute. Evaluation activities
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are therefore important not only for improving user experience but
also for verifying whether the system supports users in achieving
their goals. In this paper, the term LLM-based usability inspection is
used as an umbrella term for studies addressing usability inspec-
tion, UX inspection, accessibility-oriented inspection, and design
critique when these activities are supported or automated by LLMs.

Usability inspection methods evaluate interfaces without neces-
sarily involving end users. Heuristic evaluation, for example, relies
on specialists who inspect an interface according to usability prin-
ciples such as Nielsen’s heuristics [13]. Other approaches may use
accessibility guidelines, cognitive walkthrough, design principles,
or domain-specific criteria. These methods provide structured ways
to identify usability problems, but their results depend on evaluator
expertise, interpretation, and the type of evidence available during
inspection.

LLMs have recently been explored as intelligent support mech-
anisms for software engineering tasks. In the context of usability
and UX, they have been used to analyze screenshots, Figma mock-
ups, DOM structures, accessibility metadata, screen-reader outputs,
and interaction traces. Some studies use LLMs to generate design
critiques, identify accessibility violations, or simulate user behavior.
Others compare LLM-generated diagnoses with specialists or tradi-
tional tools. This literature suggests that LLMs can support usability
inspection, but also exposes risks such as unsupported findings,
false positives, hallucinations, and weak contextual judgment.

Traditional approaches to usability inspection automation have
primarily relied on rule-based systems, computer vision techniques,
machine learning models for specific tasks, and accessibility check-
ing tools [8, 9, 11]. Unlike these approaches, LLMs can reason over
heterogeneous software artifacts, combining textual and visual evi-
dence to produce contextualized usability assessments. This broader
reasoning capability expands the range of inspection tasks that can
be supported, but also introduces challenges related to hallucina-
tions, reproducibility, and reliability. These characteristics motivate
a closer examination of how LLMs are currently being applied to
usability inspection.

Previous secondary studies provide important context. A system-
atic mapping on LLMs in HCI-related activities discusses usability,
accessibility, and UX applications [17]. A systematic review on
automated usability problem detection covers a broader range of
automated methods, including but not limited to LLMs [9]. Another
review examines Al and generative models for UX testing across
remote evaluation and qualitative data analysis [10]. In contrast,
this study focuses specifically on LLM-based automation of usabil-
ity and UX inspection, emphasizing models, prompts, evidence
artifacts, validation practices, and reported limitations.

3 Study Design

This study follows the systematic mapping guidelines proposed by
Petersen et al. [15]. A mapping study is appropriate because LLM-
based usability inspection is an emerging topic, with most primary
studies published only in recent years. Rather than performing
a meta-analysis, the objective is to characterize the available ev-
idence, identify research trends, and expose gaps in the field. As
illustrated in Figure 1, the mapping process comprised five stages:
scope definition, protocol design, search and study selection, qual-
ity assessment and data extraction, and analysis and synthesis. In
what follows, each stage is described in detail.

Stage 1: Scope Definition. The first stage established the scope
of the mapping study by defining its objective and formulating the
research questions (RQs). Following the guidelines of Petersen et al.
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Figure 1: Systematic mapping process.

[15], the study was designed to characterize how LLMs are being
applied to support usability and UX inspection from a software
engineering perspective. Three RQs guided the mapping:

RQ1. Which LLMs, prompting strategies, and automation lev-
els have been used for usability and UX inspection?

RQ2. Which inspection criteria, input artifacts, datasets, and
validation practices are used to operationalize LLM-based
usability inspection?

RQ3. What limitations and challenges are reported in the use
of LLMs for usability and UX inspection?

RQ1 focuses on the technical characteristics of existing approaches
by identifying the LLMs, prompting strategies, and levels of automa-
tion adopted across the selected studies. RQ2 examines how these
approaches are operationalized and evaluated, including the inspec-
tion criteria, software artifacts, datasets, and validation procedures
employed to assess their effectiveness. Finally, RQ3 synthesizes the
limitations and open challenges reported in the literature, provid-
ing insights into current research gaps and future directions for
LLM-based usability inspection.

Stage 2: Protocol Design. The review protocol defined the
search strategy, digital libraries, selection criteria, quality assess-
ment procedure, and data extraction form before study identifi-
cation began. These materials are available in the supplementary
material to support transparency and reproducibility (see the Arti-
fact Availability section).

The search strategy was organized around two conceptual groups:
(i) usability and UX inspection and (ii) LLMs or generative Al The
search string combined terms such as “usability inspection”, “heuris-
tic evaluation”, “UX inspection”, “large language model”, “LLM”,
and “Generative AI”. For SBC OpenLib, a Portuguese version of the
search string was adopted using equivalent terms. The search was
performed in four digital libraries: Scopus, ACM Digital Library,
IEEE Xplore, and SBC OpenLib. The protocol also defined the in-
clusion and exclusion criteria, the quality assessment criteria, and
the attributes to be extracted from each selected study.

Stage 3: Search and Study Selection. The automated search
covered publications from 2022 to 2025 and retrieved 401 studies:
203 from Scopus, 188 from ACM Digital Library, 7 from IEEE Xplore,
and 3 from SBC OpenLib. All retrieved studies were managed using
Parsifal. Studies were included if they (i) explicitly investigated the
use of LLMs to support or automate usability or UX inspection, (ii)
were peer-reviewed publications, and (iii) were written in English
or Portuguese. Studies were excluded if they (i) did not address LLM-
based usability or UX inspection, (ii) focused on Al applications
unrelated to usability inspection, (iii) were outside the defined
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publication period, (iv) were unavailable in full text, or (v) were
duplicates.

After duplicate removal, the remaining studies were screened
through titles, abstracts, keywords, and, when necessary, full-text
reading. Inclusion decisions were independently conducted by two
researchers, with disagreements resolved by a third researcher.
After applying the selection and quality assessment criteria, the final
corpus comprised 14 primary studies that explicitly investigated
LLM-based support or automation for usability and UX inspection.

Stage 4: Quality Assessment and Data Extraction. The se-
lected studies were assessed using five quality criteria: (i) clarity of
the research objective, (ii) explicit use of an LLM for usability or
UX inspection, (iii) methodological detail, (iv) validation against
specialists or reference methods, and (v) discussion of limitations
or threats to validity. Each criterion received a score of 1.0 (yes),
0.5 (partially), or 0.0 (no). Only studies scoring at least 3.0 points
were retained for analysis.

For each selected study, data were extracted using a predefined
extraction form covering the LLM employed, prompting strategy,
automation level, interface type, application domain, inspection
criteria, input artifacts, datasets, validation methods, evaluation
metrics, and reported limitations.

Stage 5: Analysis and Synthesis. The extracted data were
synthesized to answer the three research questions. Descriptive
analysis was used to characterize the adoption of LLMs, prompt-
ing strategies, automation approaches, inspection criteria, valida-
tion methods, and reported limitations. Finally, recurring patterns,
methodological trends, and research gaps were identified across
the selected studies to provide an overview of the current state of
LLM-based usability inspection.

4 Results

This section presents the results of the mapping. The final corpus
comprises 14 primary studies published between 2023 and 2025,
reflecting the recent emergence of LLM-based usability inspection
research. Table 1 provides an overview of the selected studies, while
the complete extracted dataset and supporting materials are avail-
able in the supplementary material (see the Artifact Availability
section). The following subsections discuss the findings according
to the three RQs.

4.1 Models, Prompting Strategies, and
Automation Levels (RQ1)

This RQ characterizes the technical landscape of LLM-based usabil-
ity inspection by analyzing the models, prompting strategies, and
automation levels adopted across the selected studies. The selected
studies show a clear predominance of OpenAI models in LLM-based
usability inspection. GPT-4 was the most frequent model, appearing
in six studies, followed by GPT-40, which appeared in three studies.
Other models were used more sparsely, including GPT-4 Turbo
with Vision, Gemini Pro Vision, Gemini-2.5-Flash, Gemini-1.0-Pro,
Claude-3-Opus, LLaMA, and LLM-based agents, each appearing
in one study. This distribution indicates that current evidence is
still concentrated around a small set of commercial multimodal
and instruction-following models, especially from the GPT-4 fam-
ily. This concentration also limits the generalizability of current
evidence, as reported capabilities and limitations may reflect char-
acteristics of a small number of proprietary models rather than
the broader landscape of LLMs available for software engineering
tasks.
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Prompt engineering plays a central role in operationalizing us-
ability inspection. The reported strategies can be grouped into three
categories: instruction-oriented prompting (e.g., role and structured
prompting), reasoning-oriented prompting (e.g., chain-of-thought,
least-to-most, and self-refinement), and multimodal prompting,
which combines textual instructions with screenshots or structured
UI representations. One study reports that combining role prompt-
ing with chain-of-thought improved the identification of critical
UX problems [18], while other studies used structured prompts and
accessibility-related artifacts to guide the inspection process [4, 20].

Most studies proposed fully automated workflows: 13 of the 14
selected studies reported full automation, whereas one adopted
a semi-automated cognitive walkthrough. The investigated inter-
faces primarily comprise web systems, mobile applications, and
design prototypes, with comparatively little evidence for wearable,
desktop, or embedded interfaces. This distribution suggests that cur-
rent research has focused on visually rich interfaces while leaving
several application domains largely unexplored.

Although the search string was translated into Portuguese and
applied to SBC OpenLib to capture Brazilian and Portuguese-language
contributions, no Portuguese-language study met the inclusion and
quality assessment criteria for the final corpus. Manual inspection of
the SBC OpenlLib results indicated that studies addressing usability
or UX evaluation in Brazilian venues rarely investigate LLM-based
automation specifically; when generative Al is discussed in this
context, it is more frequently framed as a design or ideation aid
rather than as an inspection mechanism, or the relevant contribu-
tions are published in English even when authored by Brazilian
researchers. This suggests that LLM-based usability inspection re-
mains a nascent topic in the Portuguese-language and Brazilian
software engineering literature, rather than an artifact of search
string design.

Answer to RQ1. LLM-based usability inspection is dominated by GPT-4-family
models and fully automated approaches. Prompt engineering is a core adapta-
tion strategy, especially role prompting, structured prompts, chain-of-thought,
few-shot prompting, and visual prompting. The field is concentrated on web,
mobile, and prototyping artifacts, with little evidence for desktop or embedded
interfaces.

4.2 Inspection Criteria, Evidence, and
Validation Practices (RQ2)

This RQ examines how LLM-based usability inspection is opera-
tionalized and evaluated, considering the inspection criteria, input
artifacts, and validation practices adopted across the selected stud-
ies. The selected studies rely on a diverse set of inspection criteria.
Nielsen’s heuristics are the predominant reference, appearing in
several studies that use LLMs to identify interface-level usability
violations [2, 5, 6]. Other approaches adopt accessibility guidelines
(e.g., WCAG 2.1), visual design principles (e.g., CRAP), cognitive
walkthrough, Apple Human Interface Guidelines, and UX evalua-
tion instruments such as SUS, NASA-TLX, and UEQ. This diversity
indicates that current approaches are adapted to different inspection
objectives rather than following a common evaluation framework.

The evidence provided to LLMs also varies considerably. Studies
employ screenshots, Figma mockups, JSON representations of UI
structures, screen-reader transcripts, accessibility metadata, inter-
action logs, and public or study-specific datasets. Examples include
DOM-like JSON structures for Figma mockups [3], TalkBack tran-
scripts and view hierarchy metadata [20], interaction logs [6], and
datasets such as UICrit and JitterWeb [2, 19]. These findings suggest
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Table 1: Summary of selected studies.

Farias et al.

Study LLM Automation  Interface Criteria Validation

Guerino et al. (2025) GPT-40 Full ‘Web Nielsen heuristics Specialists

Zhong et al. (2025) GPT-40 Full Mobile WCAG / MagentaAlly Tools

Shin et al. (2025) GPT-4 Full Multiplatform  Nielsen severity Qualitative analysis
Lubos et al. (2025) Gemini-2.5-Flash Full Multiplatform  Generic guidelines Result review
Pourasad and Maalej (2025) ~ GPT-4 Turbo Vision Full Mobile Prompted criteria Specialists

Wu et al. (2024) GPT-4V / Claude / Gemini ~ Full Web CRAP principles Benchmark

Hsueh et al. (2024) GPT-4 Full Web Nielsen heuristics Users / specialists
Duan et al. (2024a) Gemini Pro Vision Full Mobile Nielsen / Apple HIG Quality score
Bisante et al. (2024) GPT-4 Semi Web Cognitive walkthrough Specialists

Xiang et al. (2024) GPT-4 / LLaMA Full ‘Wearable SUS / NASA-TLX / UEQ Users / designers
Duan et al. (2024b) GPT-4 Full Design Nielsen / semantic Specialists

Lu et al. (2025) LLM Agent Full ‘Web Usability guidelines UX researchers
Duan et al. (2023) GPT-4 Full Design Nielsen heuristics Prototype evaluation
Haraguchi et al. (2024) GPT-40 Full Design Alignment/overlap/white space ~ Human correlation (Pearson)

an increasing reliance on heterogeneous software artifacts rather
than screenshots alone.

Validation practices remain equally heterogeneous. Most studies
compare LLM-generated findings against specialists, users, design-
ers, traditional accessibility tools, or benchmark datasets. Reported
evaluation measures include precision, recall, F1-score, accuracy,
agreement, coverage, similarity, and Cohen’s kappa. Although sev-
eral studies report encouraging results—for example, precision
between 0.61 and 0.66 or specialist agreement reaching 93.55%
[1, 16]—the diversity of validation protocols and metrics limits
direct comparison across studies.

Answer to RQ2. LLM-based usability inspection is operationalized through
heterogeneous criteria and artifacts. Nielsen’s heuristics remain the most com-
mon reference, but studies also use accessibility guidelines, design principles,
cognitive walkthrough, and UX instruments. Evidence ranges from screenshots
to structured UI data, accessibility metadata, and interaction logs. Validation is
commonly based on comparison with specialists, tools, users, or benchmarks,
but metrics and protocols remain inconsistent.

4.3 Limitations and Challenges (RQ3)

This RQ investigates the main limitations and challenges reported
in the use of LLMs for usability and UX inspection. The selected
studies consistently report challenges that affect the reliability of
LLM-based usability inspection. Hallucinations and false positives
are among the most frequently cited issues. For example, one study
reports that 24.3% of the usability problems identified by GPT-40
were false positives [5]. Other studies show that LLMs may over-
apply guidelines, generate plausible but unsupported diagnoses,
or overlook important contextual aspects of the interface. These
findings indicate that current models still struggle to distinguish
genuine usability problems from plausible but incorrect assess-
ments.

Another recurring challenge is the limited ability of LLMs to
reproduce human contextual judgment. Studies report difficulties in
interpreting abstract guidelines, dynamic interactions, cultural as-
pects, and task-specific contexts, while simulated users or synthetic
data often fail to adequately represent real user behavior [12, 20].
These limitations become particularly evident when usability issues
depend on interaction flows, user goals, or domain knowledge that
cannot be inferred directly from the available artifacts.

Prompt dependence also emerges as a methodological concern.
Many approaches rely on carefully engineered prompts, and varia-
tions in wording, examples, reasoning instructions, or output for-
mats may substantially influence the generated findings. As a result,
both reproducibility and comparability remain limited across exist-
ing studies. It is important to note that the frequencies reported in

Figure 2 correspond to the total number of mentions of each limita-
tion category identified across the corpus, rather than the number
of distinct studies reporting it. A single primary study could report
a given limitation, such as hallucination, multiple times, in relation
to different inspection tasks, model outputs, or findings within the
same paper. As a result, category frequencies (e.g., 17 mentions of
"hallucination") can exceed the number of primary studies (n=14),
and the figure should be read as a mention-level frequency count
rather than a study-level count.

Hallucination
Interaction limitation

Low precision and recall

Inability to replicate human judgment

Context limitation

Data, sample and annotator limitations
Dependency on screenshots

Inadequate representation of graphical interfaces
Low reproducibility and prompt dependency
Difficulty applying heuristics and guidelines
Restricted scope

Low practical utility of generated feedback

Bias

Subjectivity

Video analysis difficult/time-consuming
Dependency on operation logs

Discarding of valuable information

Lack of security

Memory traces difficult to analyze

0 2 4 6 8 10 12 1 16
Frequency

Figure 2: Frequency of reported limitation categories across
the selected studies.

Answer to RQ3. Current evidence consistently highlights hallucinations, false
positives, limited contextual judgment, and prompt dependence as the main
barriers to reliable LLM-based usability inspection. These challenges suggest
that LLMs are better suited to supporting expert evaluators than replacing them,
reinforcing the importance of human-AlI collaboration in usability inspection
workflows.

5 Discussion

The findings should be interpreted in the context of previous work
on automated usability evaluation and Al-assisted software engi-
neering. Earlier secondary studies have broadly discussed Al for
usability, accessibility, and UX evaluation [9, 10, 17]. This map-
ping complements this literature by specifically characterizing how
LLMs are employed to support usability inspection. Collectively,
the three research questions reveal a field that is evolving rapidly
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but remains methodologically fragmented, with substantial varia-
tion in models, software artifacts, inspection criteria, and validation
practices.

The predominance of GPT-4-family models reflects the broader
adoption of multimodal and instruction-following LLMs in software
engineering. However, the concentration of evidence on a small
number of proprietary models limits the generalizability of cur-
rent findings. Although studies have started exploring alternatives
such as Gemini, Claude, LLaMA, and agent-based systems, com-
parative evidence across models remains scarce, making it difficult
to determine whether reported performance is model-specific or
representative of LLM-based usability inspection more broadly.

Another important finding concerns the role of software arti-
facts in inspection quality. The mapped studies employ screenshots,
structured Ul representations, accessibility metadata, and interac-
tion traces as evidence for LLM-based reasoning. This suggests that
inspection performance depends not only on the underlying model,
but also on how software artifacts are represented and provided to
the LLM. Consequently, improving artifact representation may be-
come as important as improving the models themselves for reliable
Al-assisted usability inspection.

The results also highlight an important methodological gap. Al-
though studies employ diverse inspection criteria, datasets, and
evaluation metrics, there is little consensus regarding validation
protocols or benchmark datasets. This heterogeneity limits repro-
ducibility, complicates comparisons across studies, and hinders the
accumulation of evidence. Establishing standardized datasets, eval-
uation procedures, and reporting guidelines therefore appears to
be a key research direction for advancing the field.

Finally, the findings challenge the notion of fully autonomous
usability inspection. Although nearly all selected studies propose
fully automated workflows, most still validate their outputs against
specialists, users, or traditional inspection methods, while simulta-
neously reporting hallucinations, false positives, and limited con-
textual judgment as recurring limitations. Together, these findings
indicate that current LLMs are better suited to supporting expert
evaluators than replacing them. Their most promising role is as
Al-assisted inspectors that generate candidate findings, support
triage, and reduce manual inspection effort while preserving human
oversight.

6 Main Implications

The mapping indicates that LLM-based usability inspection is evolv-
ing into an emerging research area within Intelligent Software En-
gineering. While the selected studies demonstrate the potential of
LLMs to support usability inspection, they also reveal methodolog-
ical fragmentation, heterogeneous validation practices, and limited
benchmarking. The implications of these findings are discussed
from both research and industrial perspectives.

Implications for Research. The results highlight the need for
stronger methodological standardization. Future studies should
systematically report prompt templates, model versions, input arti-
facts, output schemas, evaluation protocols, and the criteria used to
distinguish true and false findings. Such information is essential to
improve reproducibility and enable meaningful comparisons across
studies.

The field would also benefit from public benchmarks that in-
tegrate representative software artifacts, expert annotations, and
standardized evaluation metrics. Existing studies rely on different
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interface types, inspection criteria, datasets, and validation proce-
dures, making cumulative evidence difficult. Common benchmarks
would facilitate more rigorous and comparable evaluations of LLM-
based usability inspection approaches.

Based on the mapped evidence, three research directions ap-
pear particularly relevant. First, future work should investigate
how different software artifacts, such as screenshots, structured Ul
representations, accessibility metadata, and interaction logs, affect
inspection reliability. Second, evaluation protocols should better
distinguish visually observable usability issues from those requiring
interaction, user goals, or domain knowledge. Third, future studies
should assess defect detection performance, explainability, trace-
ability, and usefulness of LLM-generated findings during human
review.

Implications for Industry. The findings suggest that LLMs
should be viewed as decision-support tools rather than replace-
ments for expert evaluators. Their most realistic role is to assist
specialists by identifying candidate usability issues, organizing find-
ings, explaining potential violations, and prioritizing inspection
activities, while leaving final decisions to human reviewers.

Organizations adopting LLM-based usability inspection should
therefore prioritize human-AI workflows instead of fully autonomous
pipelines. Effective tools should provide transparent evidence sup-
porting each reported issue, enable reviewers to validate or reject
suggestions, and maintain traceability between inspection findings
and the underlying software artifacts. Such workflows have the
potential to improve inspection efficiency while preserving the
reliability of expert judgment.

7 Threats to Validity

As with any systematic mapping study, the results should be inter-
preted considering the following threats to validity.

Construct validity. The adopted search terms and selected digi-
tal libraries may not have captured all relevant studies, particularly
recent preprints or publications outside the selected venues. This
threat was mitigated by searching four major digital libraries using
search strings that combined terms related to usability inspection,
UX inspection, LLMs, and generative Al, including a Portuguese-
language version of the search string applied to SBC OpenLib to
capture Brazilian and Portuguese-language contributions. Nonethe-
less, no Portuguese-language study met the inclusion and quality
assessment criteria for the final corpus. This is interpreted as reflect-
ing the genuine scarcity of Brazilian contributions to this specific
topic, rather than a limitation of the search strategy itself, since
Brazilian venues rarely investigate LLM-based automation of us-
ability inspection specifically and relevant Brazilian work, when
it exists, is frequently published in English. Even so, this absence
remains a threat worth monitoring as the field matures, particularly
given the authors’ own research context in Brazil. In addition, the
complete review protocol, including the search strings, is avail-
able in the supplementary material to support transparency and
reproducibility.

Internal validity. Study selection, quality assessment, and data
extraction involve researcher judgment and may introduce bias. To
mitigate this threat, predefined inclusion, exclusion, and quality
assessment criteria were adopted. Two researchers independently
screened the studies, and disagreements were resolved by a third
researcher. Data extraction followed a structured protocol derived
from the research questions.
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External validity. The mapping is based on 14 primary stud-
ies published between 2023 and 2025. Although this reflects the
emerging nature of LLM-based usability inspection, it limits the
generalizability of the findings to other contexts, application do-
mains, or future generations of LLMs. Consequently, the reported
trends should be interpreted as a snapshot of the current state of
the field.

Conclusion validity. The conclusions depend on the quality,
completeness, and consistency of reporting in the selected primary
studies. To reduce this threat, only studies satisfying predefined
quality criteria were included, and the synthesis was based on
evidence extracted through a structured protocol. Furthermore,
the review protocol and extracted dataset are publicly available,
facilitating verification, reproducibility, and future updates of the

mapping.

8 Conclusion

This paper presented a systematic mapping of LLM-based usabil-
ity and UX inspection from an Intelligent Software Engineering
perspective. Following established systematic mapping guidelines,
401 publications retrieved from four digital libraries were screened,
resulting in a final corpus of 14 primary studies published between
2023 and 2025.

The results show that current research is dominated by GPT-4-
family models and predominantly by fully automated inspection
workflows. Prompt engineering has become a fundamental mech-
anism for adapting LLMs to usability inspection, while Nielsen’s
heuristics remain the most frequently adopted evaluation criterion.
The studies also reveal increasing use of heterogeneous software
artifacts, including screenshots, structured Ul representations, ac-
cessibility metadata, and interaction traces. However, validation
practices remain highly heterogeneous, limiting the comparability
of existing approaches.

These findings indicate that LLM-based usability inspection is
rapidly emerging as an Al-assisted software quality activity rather
than merely a UX evaluation technique. At the same time, recurring
challenges—including hallucinations, false positives, prompt depen-
dence, and limited contextual judgment—suggest that current LLMs
are better suited to supporting expert evaluators than replacing
them. Human-AI collaboration therefore appears to be the most
promising direction for integrating LLMs into usability inspection
workflows.

Future research should focus on establishing standardized bench-
marks, evaluation protocols, and reporting guidelines to improve
reproducibility and comparability across studies. Additional work is
also needed to evaluate a broader range of LLMs, investigate the im-
pact of different software artifacts on inspection quality, and assess
LLM performance in dynamic interaction scenarios and complex
software systems.

Artifact Availability

The supplementary material is available in an anonymized repos-
itory: https://zenodo.org/records/21892377, including the review
protocol, extracted data, and supporting materials.

Generative Al Use

Generative Al tools were used to support language editing and
figure preparation. All scientific content was reviewed and approved
by the authors, who take full responsibility for the manuscript.
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