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Abstract

Usability is a key non-functional requirement in interactive soft-
ware systems, and heuristic evaluation can support the verification
and validation of user interfaces by identifying violations of usabil-
ity principles. However, this process still depends on human exper-
tise, is subject to evaluator variability, and may be difficult to scale.
Although recent advances in Large Language Models (LLMs) create
opportunities for Al-assisted heuristic evaluation, there is limited
empirical evidence on the reliability of LLM-generated diagnoses.
This paper presents an empirical study of GPT-5.4-assisted heuristic
evaluation using Nielsen’s heuristics (H), with diagnoses evaluated
against an expert-derived ground truth. We evaluate zero-shot, few-
shot, and chain-of-thought prompting on 12 web user interfaces,
comparing model diagnoses with the reference evaluation using
precision, recall, F1-score, and Cohen’s kappa. Few-shot prompt-
ing achieved the best precision-recall balance (F1=0.51, k=0.193),
while chain-of-thought achieved the highest recall but produced
more false positives. Heuristic-level results revealed distinct error
patterns, with high recovery for H8 and H10 and frequent unsup-
ported predictions for H4, H5, and H6, although these patterns are
affected by uneven ground-truth prevalence. These findings suggest
that prompting strategy is an important design consideration in
LLM-assisted heuristic evaluation, while human validation remains
necessary.
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1 Introduction

Usability is a fundamental quality attribute of interactive software
systems [13, 20]. Even when a system is functionally correct, poor
usability may compromise effectiveness, increase user effort, and
reduce user satisfaction, ultimately affecting the perceived quality
and adoption of the software [12, 19]. For this reason, usability is
commonly treated as a non-functional requirement that should be
evaluated throughout the software development lifecycle (SDLC)

[4].
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Among the various usability evaluation methods, heuristic evalu-
ation remains one of the most widely adopted inspection techniques
[7]. In this approach, specialists analyze user interfaces according
to established usability principles, such as Nielsen’s heuristics, and
identify potential usability problems together with recommenda-
tions for improvement [18, 19]. Because it does not require recruit-
ing users or conducting controlled experiments, heuristic evaluation
can be performed early and repeatedly during development. How-
ever, the process remains highly dependent on human expertise,
is subject to evaluator variability, and may become costly when
large numbers of interfaces or frequent design iterations need to be
assessed [7]. From a software testing perspective, the identified us-
ability problems can be interpreted as failures of a non-functional
requirement, making heuristic evaluation a form of inspection-
based testing and verification [1].

Recent advances in Large Language Models (LLMs) have created
new opportunities for automating or supporting software engineer-
ing activities that require reasoning over artifacts and generating
structured feedback [10]. In software engineering, LLMs have been
explored for tasks such as requirements analysis, code review, test
generation, and software quality assessment [24]. More recently,
vision-capable LLMs have enabled the analysis of visual software
artifacts, including screenshots and user-interface mockups [8].
In this context, LLMs can analyze interface evidence, identify in-
terface elements, relate observations to usability principles, and
produce structured diagnoses describing potential usability viola-
tions [5, 6]. This capability creates the possibility of employing
LLMs as Al-assisted evaluators, supporting the early detection of
potential usability defects before expert validation.

Despite this potential, the reliability of LLM-based heuristic eval-
uation remains unclear. Recent studies have shown that LLMs can
identify some usability and accessibility issues in digital interfaces.
For example, Guerino et al. [9] reported that GPT-40 recovered
only part of the usability issues identified by specialists while also
generating unsupported findings. Similarly, Zhong et al. [27] and
Pourasad and Maalej [21] highlighted limitations related to evi-
dence availability, contextual reasoning, and diagnostic reliability.
Consequently, an important question is not simply whether LLMs
can perform heuristic evaluation, but under which conditions their
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outputs become sufficiently reliable to support human reviewers
during usability inspection activities.

One factor that may influence this reliability is the prompting
strategy. Different prompting approaches, such as zero-shot, few-
shot, and chain-of-thought, can affect how models interpret inter-
face evidence, formulate diagnoses, and balance sensitivity against
specificity [3, 25]. From a testing perspective, these strategies can be
viewed as alternative configurations for the same inspection task,
potentially influencing the number of detected violations, false
positives, false negatives, and agreement with expert assessments.
However, there is still limited empirical evidence on how prompting
strategies affect the reliability of LLM-generated usability diagnoses
when evaluated against expert ground truth.

This paper addresses this gap through an empirical study of
LLM-assisted heuristic evaluation, in which a multimodal LLM
performs heuristic inspections, and its diagnoses are compared
against expert-derived ground truth. We investigate whether differ-
ent prompting strategies influence the ability of an LLM to detect
usability violations from static user-interface screenshots. More
specifically, we compare zero-shot, few-shot, and chain-of-thought
prompting with respect to precision, recall, F1-score, and Cohen’s
kappa. We also analyze whether different usability heuristics exhibit
distinct agreement and error patterns when the available evidence
is restricted to static screenshots.

Our results show that the prompting strategy affects diagnostic
performance. Few-shot prompting achieved the best overall bal-
ance between precision and recall, producing the highest F1-score
and the strongest agreement with expert ground truth. Chain-of-
thought prompting achieved the highest recall, recovering more
expert-identified violations, but also generated the largest num-
ber of false positives. Furthermore, the heuristic-level analysis
revealed distinct patterns of agreement, over-identification, and
under-identification across heuristics, although these patterns are
influenced by the uneven prevalence of violations in the evalu-
ated interfaces. These findings suggest that prompt design should
be treated as a first-class configuration decision in LLM-assisted
heuristic evaluation workflows and that human validation remains
necessary when LLMs are used to support usability inspection.

This paper makes the following contributions: an empirical eval-
uation of LLM-assisted heuristic evaluation under zero-shot, few-
shot, and chain-of-thought prompting; a quantitative comparison
of these strategies using precision, recall, F1-score, and Cohen’s
kappa against a specialist ground truth; an analysis of heuristic-level
agreement and over-identification from static screenshot evidence;
and a replication package comprising interfaces, prompts, specialist
evaluations, model outputs, and analysis data.

2 Background

This section introduces the concepts underlying this study, includ-
ing usability as a software quality attribute, heuristic evaluation
based on Nielsen’s heuristics, and the prompting strategies adopted
for LLM-assisted evaluation.

2.1 Usability as a Software Quality Attribute

Usability is a central factor in the development of interactive sys-
tems, directly influencing users’ experience, effectiveness, efficiency,
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and satisfaction when interacting with digital interfaces [13, 20].
The ISO 9241-11 standard defines usability as the extent to which
specified users can use a product to achieve specified goals with
effectiveness, efficiency, and satisfaction in a specified context of
use [12]. In software engineering, usability is commonly treated
as a key non-functional requirement that shapes product quality
alongside functional correctness, reliability, security, and perfor-
mance.

From a testing and quality assurance perspective, usability is
relevant because a functionally correct interface may still fail to
support users in completing their tasks effectively. Interfaces with
low usability may compromise task achievement, increase user
effort, and reduce perceived product quality [19]. For this reason,
usability evaluation should be integrated into the SDLC, enabling
teams to identify interaction problems early, reduce rework, and
provide evidence about the quality of user-facing software artifacts.

Usability evaluation methods can be broadly divided into user-
based and inspection-based approaches. In user testing, representa-
tive participants perform tasks under observation. In expert inspec-
tion, specialists analyze the interface against predefined criteria
without involving real users [22]. This work focuses on the latter
category, and specifically on heuristic evaluation, because it pro-
vides a structured setting in which interface observations can be
compared against an expert reference. In this sense, the specialist’s
judgment acts as a reference ground truth for assessing whether
an LLM-assisted heuristic evaluation correctly identifies usability
violations.

2.2 Heuristic Evaluation of User Interfaces

Heuristic evaluation is a usability inspection technique in which
specialists analyze digital interfaces based on a set of predefined
usability principles, known as heuristics, to identify potential in-
teraction problems [22]. Unlike user testing, it does not require
recruiting representative users or setting up controlled experimen-
tal sessions, making it relatively lightweight and applicable across
different development stages.

The process generally follows four steps: (1) selection of heuris-
tics and interfaces; (2) systematic inspection of the interface; (3)
identification and categorization of usability problems; and (4) con-
solidation of findings into a structured report with recommenda-
tions [17]. Each identified problem is typically associated with one
or more heuristics, each accompanied by a justification and sug-
gestions for improvement. In automated or Al-assisted settings,
this structure is particularly useful because it defines an expected
diagnostic format that can be compared with a human reference.

Among the various sets of heuristics available in the literature,
Nielsen’s 10 Usability Heuristics are the most widely recognized
and adopted in the field of Human-Computer Interaction (HCI) [19].
These heuristics provide a set of general principles that guide
the evaluation of interfaces and help identify recurring usability
problems. Table 1 lists the heuristic (H) codes and names adopted
throughout this study. These heuristics constitute the evaluation
framework used both by the specialist and by the LLM throughout
the empirical study.

Although Nielsen’s heuristics are general in nature, their broad
scope covers different dimensions of HCI, including system-user
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Table 1: Nielsen’s usability heuristics used in this study.

Code  Heuristic

H1 Visibility of System Status

H2 Match Between System and the Real World

H3 User Control and Freedom

H4 Consistency and Standards

H5 Error Prevention

He6 Recognition Rather Than Recall

H7 Flexibility and Efficiency of Use

H8 Aesthetic and Minimalist Design

H9 Help Users Recognize, Diagnose, and Recover from Errors

H10 Help and Documentation

communication, error prevention and recovery, consistency, flex-
ibility, and efficiency of use. However, their generality also intro-
duces subjectivity, since the identification of violations depends
on the evaluator’s interpretation and on the evidence available
in the interface being analyzed. This is especially important in
static screenshot-based inspection, where some heuristics can be
directly assessed from visible evidence, while others may require
interaction, cross-screen comparison, or domain context. This char-
acteristic motivates the investigation of automated and Al-assisted
approaches that can support inspection while still requiring human
validation.

2.3 Prompting Strategies for LLMs

LLMs are based on Transformer architectures trained to model the
distribution of linguistic sequences and predict the next unit of text
given a context [3, 23]. From this training, these models develop the
ability to perform different natural language processing (NLP) tasks
through conditioning with textual instructions, without requir-
ing task-specific training. Recent LLMs (e.g., GPT, Claude, Gemini,
LLaMA, and DeepSeek) are increasingly used in software engineer-
ing tasks that require interpreting artifacts, following instructions,
and generating structured outputs [10], including software quality
assurance, testing, and inspection activities [24].

In Al-assisted testing and inspection, the quality of an LLM out-
put depends on the model and how the task is formulated [24]. This
process, known as prompting, defines the instructions, examples,
constraints, and output format used to guide the model [15]. In this
work, prompting is treated as an experimental factor because dif-
ferent strategies may influence the number of reported violations,
the specificity of diagnoses, and the balance between false positives
and false negatives.

Three prompting strategies are investigated in this study:

e Zero-Shot Prompting: The model receives only a descrip-
tion of the task, without prior examples of input and output.
The model is expected to generalize based on the provided
instructions and the knowledge acquired during pre-training.
In this study, this strategy evaluates the baseline capability
of the model to perform usability inspection without demon-
strations.

e Few-Shot Prompting: The model receives one or more ex-
amples of input and output before the target task. These ex-
amples serve as demonstrations of the expected response pat-
tern, allowing the model to reproduce the desired structure
in the new analysis [3]. In this study, the examples include
annotated interface descriptions with associated heuristic
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violations, aiming to calibrate the level of evidence required
to report a diagnosis.

e Chain-of-Thought (CoT) Prompting: The model is guided
to decompose the task into intermediate reasoning steps be-
fore producing the final response. This strategy aims to make
the analysis process explicit, leading the model to identify in-
terface elements, relate them to usability heuristics, and then
formulate the diagnosis [25]. Previous studies have shown
that CoT prompting can improve performance in tasks that
require structured reasoning and multi-step analysis.

These three strategies represent different levels of guidance to the
model and constitute the independent variable investigated in this
study. They are expected to produce different behaviors in terms
of diagnostic coverage, precision, recall, agreement with expert
assessments, and specificity of the generated usability findings.

3 Related Work

This section reviews studies on LLM-based interface evaluation, au-
tomated usability inspection, accessibility analysis, and Al-assisted
testing. The goal is to position this work within the growing body
of research on using LLMs to evaluate user-facing software artifacts
and support software quality activities.

Recent studies have explored the use of LLMs and multimodal
models for interface evaluation. Duan et al. [6] investigated GPT-4
for heuristic evaluation of Figma mockups through a plugin that
converts interface structures into JSON and generates recommen-
dations. In a subsequent study, Duan et al. [5] introduced UICrit,
a dataset of design critiques for mobile interfaces, showing that
multimodal models can support automated design feedback from
screenshots. Other works have explored richer sources of evidence.
Hsueh et al. [11] combined screenshots and interaction logs from
user sessions for automated UX evaluation, while Pourasad and
Maalej [21] used screenshots and source code to predict usability
failures in mobile applications. Zhong et al. [27] proposed ScreenAu-
dit, which combines accessibility metadata, navigation traces, and
LLM reasoning to detect accessibility issues. Collectively, these stud-
ies demonstrate the potential of LLMs for evaluating user-facing
software artifacts while highlighting the importance of evidence
quality and contextual information.

The work most closely related to ours is that of Guerino et al. [9],
who evaluated GPT-4o for heuristic inspection of web interfaces
using screenshots and structured prompts. Their results showed
that LLMs can recover part of the usability issues identified by
specialists, but also generate unsupported findings and false posi-
tives. This reinforces the need to treat LLM outputs as candidate
diagnoses that require human validation.

From a software testing perspective, recent research has inves-
tigated LLMs as assistants for test generation, test interpretation,
and GUI testing. Barbosa et al. [2] explored LLM-generated tests
for semantic conflict detection, while Fagundes and Teixeira [8]
evaluated LLMs for multimodal GUI test generation in Android ap-
plications. These studies illustrate a broader trend in which LLMs
are incorporated into testing workflows and assessed in terms of
reliability, coverage, and diagnostic quality. Our work follows this
direction by investigating LLM-assisted heuristic evaluation as a
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software quality assessment activity focused on usability, a key
non-functional requirement.

Table 2 summarizes the reviewed studies according to evaluation
target, input evidence, prompting strategy, and ground truth. The
comparison shows that prior work explores diverse input modalities
and evaluation settings. Moreover, few studies explicitly analyze
how prompting strategies influence the agreement between LLM-
generated evaluations and specialist judgments.

Table 2: Summary of related work.

Study Target Input Prompting Ground
Truth
Duan et al. [6] UI critique JSON Structured Specialist

Duan et al. [5] Design critique Screenshot Few-shot / visual Specialist
Hsuehetal. [11]  UX eval. Screenshot +logs Structured Specialist
Pourasad et al. [21] Usability failures Screenshot/code One-shot Specialist
Zhong et al. [27]  Accessibility Metadata + logs  CoT variants Specialist
Guerino et al. [9] Heuristic eval. Screenshot Structured Specialist
Barbosa et al. [2]  Conflict testing Code + tests Test gen. Test output
Fagundes et al. [8] GUI testing GUI evidence Multimodal Test exec.
This study Heuristic Evaluation Screenshot Zero-Shot/Few- Specialist
Shot/CoT

Table 2 shows that prior studies have explored LLM-based inter-
face evaluation, accessibility analysis, and software testing using
a variety of input modalities, including screenshots, source code,
interaction logs, and accessibility metadata. While these studies
demonstrate the potential of LLMs for supporting software qual-
ity activities, the prompting strategy is typically fixed rather than
treated as a controlled experimental factor. Furthermore, although
several works compare LLM outputs against expert assessments,
less attention has been given to the reliability of LLM-generated
heuristic evaluations, particularly regarding false positives, false
negatives, and agreement with expert ground truth. This study
addresses these gaps by systematically comparing zero-shot, few-
shot, and chain-of-thought prompting for LLM-assisted heuristic
evaluation using Nielsen’s heuristics and expert-derived ground
truth.

4 Study Design

This study evaluates how different prompting strategies influence
the reliability of LLM-assisted heuristic evaluation of user inter-
faces. Specifically, we investigate whether zero-shot, few-shot, and
chain-of-thought prompting affect a multimodal LLM’s ability to
identify usability violations from static screenshots and whether
their performance varies across Nielsen’s heuristics.

To address these objectives, we designed an empirical study in
which a multimodal LLM performs heuristic evaluations of user-
interface screenshots using different prompting strategies. The
diagnoses generated by the model are compared against an expert-
derived ground truth to assess their reliability. The replication pack-
age described in the Data Availability section includes the interface
set, prompts, expert evaluations, model outputs, and analysis data.

The study is guided by two Research Questions (RQ):

RQ1: How do prompting strategies affect the perfor-
mance of an LLM in heuristic evaluation of user in-
terfaces?

RQ2: What agreement and error patterns emerge across
usability heuristics when LLM-assisted evaluation is

performed from static screenshots?
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RQ1 is operationalized by comparing three prompting strategies,
zero-shot, few-shot, and chain-of-thought, in terms of their ability to
identify heuristic violations relative to a specialist reference. In this
study, the prompting strategy is the independent variable, while the
dependent variables are precision, recall, F1-score, false positive and
false negative counts, and Cohen’s kappa. RQ2 is operationalized by
analyzing the distribution of true positives, false positives, and false
negatives across Nielsen’s heuristics. This analysis allows us to ex-
amine heuristic-specific patterns of agreement, over-identification,
and under-identification in the evaluated interfaces. To answer
these RQs, the study follows six stages as described in Figure 1.

Stage 1: Interface Set. The experimental object consists of 12
static user interface screenshots representing typical e-commerce
scenarios. The interfaces were generated using Google Stitch !, an
Al-based prototyping tool that produces interface mockups from
natural language descriptions. The generated screens include com-
mon e-commerce components (e.g., navigation menus, search bars,
forms, banners, shopping carts, and product detail areas).

The e-commerce domain was selected because it combines vi-
sual density, navigation structures, decision-support elements, and
interaction-oriented components. These characteristics make it suit-
able for investigating usability violations related to heuristics such
as consistency, error prevention, recognition rather than recall, user
control, and aesthetic and minimalist design. The use of generated
mockups also allowed us to control the experimental setting by
avoiding dynamic content, personalization, and external system
behavior.

All interfaces were evaluated as static screenshots. No DOM,
HTML, source code, accessibility tree, or interaction logs were
provided to either the model or the specialist. This decision ensures
that both the automated inspection and the reference evaluation
rely on the same type of evidence: visible information available in
a single screenshot.

Stage 2: Expert Ground Truth. A manual heuristic evaluation
of the 12 interfaces was initially produced by the first author, who
has experience in applying Nielsen’s heuristics, and subsequently
reviewed by a usability specialist with experience in these heuris-
tics. Disagreements or ambiguities identified during the review
were discussed and resolved by consensus. The evaluation was
performed without access to any model output and produced the
“expert ground truth” used to assess the diagnoses generated by the
LLM.

For each interface, the specialist inspected the visible elements
and recorded which of Nielsen’s 10 heuristics were violated. The
reference was represented at the interface-heuristic level: for each
interface and each heuristic, the ground truth indicates whether
a violation was present or absent. This representation allows the
model outputs to be compared with the specialist reference using
classification-oriented metrics. The specialist evaluation was re-
stricted to static visual evidence. Therefore, heuristics that require
interaction, cross-screen comparison, or runtime behavior could
only be marked when there was visible evidence in the screenshot.
This restriction is important for interpreting false positives, since
model-generated diagnoses referring to non-visible behavior were
considered unsupported by the available evidence.

Uhttps://stitch.withgoogle.com/
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Figure 1: Overview of the empirical study design.

Stage 3: Prompting Strategies. Three prompting strategies
were evaluated. All strategies shared the same system prompt and
the same structured JSON output format. The system prompt in-
structed the model to act as a usability specialist, analyze only what
was directly visible in the static screenshot, avoid inferring behav-
ior that depends on interaction, and return only a valid JSON array.
The strategies differed only in the user-turn prompt:

o Zero-shot: the prompt included the task description, the list
of Nielsen’s heuristics, and the expected output format, but
no examples.

o Few-shot: the prompt included the same elements as zero-
shot, plus annotated examples illustrating the expected di-
agnostic format and level of evidence. These examples were
drawn from interfaces outside the evaluation set and were
not derived from the specialist ground truth.

o Chain-of-thought: the prompt instructed the model to reason
through the inspection process by identifying visible ele-
ments, relating them to applicable heuristics, and producing
the final diagnosis as a JSON array.

All strategies used the same output schema. Each diagnosis in-
cluded the violated heuristic, the affected interface element, a justi-
fication, and an improvement suggestion. Figure 2 summarizes the
structure of the three prompting strategies.

@ 2 -
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(step-by-step reasoning)
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Figure 2: Structure of the prompting strategies.

Stage 4: LLM Execution. The model used in this study was GPT-
5.4 (OpenAl), accessed via the OpenAI API with multimodal support.
Each interface screenshot was provided as a Base64-encoded PNG
image and included as an image content block in the user message.
The image detail parameter was set to high to support fine-grained
visual analysis.

When an image exceeded the API size constraints, it was resized
to a maximum width of 1,280 pixels using the Lanczos resampling
algorithm while preserving the aspect ratio. All executions were per-
formed with the temperature set to 0 to reduce sampling variability.
The API completion-token limit was set to 2,048 to accommodate
structured JSON outputs.

For each combination of interface and prompting strategy, one
API call was issued, resulting in 36 executions (12 interfaces x 3
prompting strategies). The raw model outputs were post-processed
to remove residual markdown formatting, when present, before
JSON parsing. Unparseable outputs would be treated as missing.
All 36 responses were successfully parsed as valid JSON.

Stage 5: Output Normalization and Matching,.

The model could generate multiple diagnoses for the same inter-
face. Since the reference ground truth was defined at the interface-
heuristic level, model outputs were normalized before metric com-
putation. For each interface, the model’s reported heuristics were
extracted from the JSON array. Duplicate diagnoses associated with
the same heuristic in the same interface were collapsed into a single
predicted violation.

The comparison was then performed for each interface—heuristic
pair. For each of the 12 interfaces and 10 heuristics, the model
prediction was compared with the specialist ground truth, resulting
in 120 binary decisions per prompting strategy. This design supports
the computation of true positives, false positives, false negatives,
true negatives, and agreement metrics.

Stage 6: Reliability Assessment. The diagnoses generated by
the model were compared against the specialist ground truth using
the following categories:

e True Positive (TP): the model identified a heuristic violation
that was also present in the specialist ground truth.
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e False Positive (FP): the model identified a heuristic violation
that was not present in the specialist ground truth.

e False Negative (FN): the specialist ground truth identified a
heuristic violation that was not detected by the model.

o True Negative (TN): both the model and the specialist ground
truth agreed on the absence of a violation for a given heuris-
tic.

Based on these categories, we computed precision, recall, F1-
score, and Cohen’s kappa for each prompting strategy. Precision
measures the proportion of model-reported violations that were
confirmed by the specialist ground truth. Recall measures the pro-
portion of specialist-identified violations that the model recovers.
F1-score summarizes the precision-recall trade-off. Cohen’s kappa
measures agreement between the model and the specialist beyond
chance, which is particularly relevant in this study because a high
number of false positives may inflate apparent coverage while re-
ducing agreement.

Together, these metrics characterize the reliability of each prompt-
ing strategy as an LLM-assisted heuristic evaluation approach: pre-
cision reflects the cost of human validation, recall reflects the ability
to recover specialist-identified violations, and kappa reflects the
overall agreement with the expert ground truth. Finally, the objec-
tive of this study is not to establish definitive performance estimates
for LLM-assisted heuristic evaluation, but rather to investigate the
influence of prompting strategies under controlled conditions and
provide an initial empirical baseline for future replications.

5 Results

This section presents the results of the empirical study on LLM-
assisted heuristic evaluation of user interfaces. We first analyze
the effect of the prompting strategy on model performance, con-
sidering precision, recall, F1-score, false positives, false negatives,
and agreement with the specialist ground truth (RQ1). We then
analyze the error profile across Nielsen’s heuristics, examining
heuristic-specific patterns of agreement, over-identification, and
under-identification in the evaluated interfaces (RQ2). Detailed
experimental data, including interface-level evaluations, model out-
puts, confusion matrices, and supplementary analysis artifacts, are
available in the replication package described in the Data Availabil-
ity section.

5.1 Effect of Prompting Strategy (RQ1)

Table 3 presents the aggregated results for the three prompting
strategies. The reference ground truth was produced through ex-
pert heuristic evaluation and subsequently reviewed by a usability
specialist, as described in Section 4. The evaluation was conducted
at the interface-heuristic level, resulting in 120 binary decisions per
strategy. A true positive indicates that the model identified a heuris-
tic violation also present in the specialist ground truth. In contrast,
a false positive indicates that the model reported a violation not
supported by the ground truth.

The results show that the prompting strategy affects the relia-
bility of LLM-generated usability evaluations. Few-shot prompting
achieved the best overall balance, obtaining the highest precision
(0.40), the highest F1-score (0.51), and the lowest number of false
positives (39). This suggests that providing an annotated example
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Table 3: Performance metrics by prompting strategy.

Strategy TP FP FN TN Prec. Rec. F1

Zero-shot 23 43 14 40 035 0.62 045
Few-shot 26 39 11 44 040 0.70 0.1
CoT 28 52 9 31 035 0.76 048

helped calibrate the model’s diagnostic threshold, reducing over-
reporting while still recovering most of the violations identified in
the expert ground truth.

Compared with zero-shot prompting, few-shot improved pre-
cision by approximately 14% (0.35 to 0.40) and recall by 13% (0.62
to 0.70), while simultaneously reducing false positives by 9.3% (43
to 39). These results indicate that examples served not only as for-
matting demonstrations but also as implicit guidance regarding the
level of evidence required to report a usability violation. Conse-
quently, the model became more selective in reporting violations
without sacrificing coverage.

Chain-of-thought prompting achieved the highest recall (0.76),
identifying 28 of the 37 violations present in the expert ground truth.
Relative to zero-shot prompting, recall increased by approximately
22%. However, this improvement came at the cost of a substantial
increase in false positives, which rose from 43 to 52. As a result,
precision remained unchanged at 0.35, and the F1-score (0.48) re-
mained below that of few-shot prompting. These findings suggest
that explicit reasoning encourages the model to explore a broader
space of potential usability problems, increasing sensitivity but also
amplifying unsupported diagnoses.

Zero-shot prompting served as the baseline configuration. Al-
though it identified a substantial portion of the violations present
in the expert ground truth (recall = 0.62), it produced a considerable
number of unsupported findings (43 false positives). This result
indicates that task instructions alone are insufficient to consistently
constrain the model to visually grounded evidence, leading to di-
agnoses that extend beyond what can be reliably inferred from a
static screenshot.

From an inspection perspective, the three strategies exhibit dis-
tinct evaluation profiles. Few-shot prompting produced the most
balanced behavior, combining relatively high violation recovery
with lower validation effort. Chain-of-thought behaved as a high-
sensitivity detector, maximizing coverage at the expense of a larger
review burden. Zero-shot served as the lower bound on both F1
and agreement, while occupying an intermediate position in terms
of over-reporting. Therefore, the choice of prompting strategy de-
pends on whether the objective is to maximize defect discovery or
to minimize the number of unsupported findings that specialists
must later review.

Another relevant observation is that all strategies produced more
false positives than false negatives. Even the best-performing con-
figuration (few-shot) generated 39 unsupported diagnoses against
only 11 missed violations. This pattern suggests that the model
adopts a high-sensitivity inspection behavior, preferring to report
potential usability concerns rather than risk omitting them. While
this tendency may be useful during exploratory inspections, it rein-
forces the need for human validation before generated diagnoses
can be used as evidence of usability problems.
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To complement the analysis of classification performance, Table 4
presents Cohen’s kappa coefficient for each prompting strategy,
together with observed agreement (P,) and expected agreement
by chance (P,). While precision, recall, and F1-score measure the
ability of the model to identify heuristic violations, kappa provides
an estimate of agreement with the expert ground truth beyond
chance.

Table 4: Agreement by prompting strategy.

Strategy P, P. Kappa Interpretation
Zero-shot 0.525 0.481  0.085 Slight
Few-shot 0.583 0434 0.193 Slight
Chain-of-thought 0.492 0.436  0.099 Slight

All three strategies produced kappa values within the “slight”
agreement range according to the interpretation proposed by Landis
and Koch [14]. Few-shot achieved the strongest agreement with
the expert ground truth (x = 0.193), while zero-shot and chain-of-
thought remained below 0.10. Although these values are relatively
low, they are consistent with the high number of false positives
observed across all strategies.

The difference between recall and kappa highlights an important
characteristic of LLM-assisted heuristic evaluation. While recall
measures the ability to recover violations present in the expert
ground truth, kappa reflects the overall reliability of the generated
diagnoses. Chain-of-thought, for example, recovered the largest
number of expert-reported violations but simultaneously produced
the largest number of unsupported findings. Consequently, im-
provements in recall did not translate into stronger agreement with
the expert assessment.

From an Al-assisted evaluation perspective, these results indicate
that high coverage alone is insufficient to characterize a prompting
strategy as reliable. A strategy that generates excessive false posi-
tives may appear effective because it recovers many violations, but
it also increases the cost of human validation and reduces trust in
the generated diagnoses. Therefore, both coverage-oriented met-
rics (recall) and reliability-oriented metrics (precision and kappa)
are necessary to assess the practical usefulness of LLM-assisted
heuristic evaluation approaches.

Answer to RQ1. Prompting strategies affected the performance of the
GPT-5.4 model in the heuristic evaluation of user interfaces. Few-shot
achieved the best overall performance, yielding the highest precision
(0.40), F1-score (0.51), and agreement with the specialist ground truth
(x = 0.193). In contrast, CoT maximized recall (0.76), recovering a
larger number of specialist-identified violations but also generating
the highest number of false positives (52). Zero-shot achieved interme-
diate results. Overall, the results show that prompting strategies influ-
ence the balance between coverage and reliability: few-shot prompts
produce more balanced diagnoses, whereas CoT prompts favor broader
violation detection at the cost of increased over-identification.

5.2 Error Profile by Heuristic (RQ2)

To answer RQ2, we analyzed the heuristic-level diagnoses produced
by each prompting strategy and compared them with the expert
ground truth. Figure 3 summarizes the identified heuristics for each
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interface. Green entries represent heuristics that matched the expert
ground truth, whereas red entries correspond to heuristics reported
by the model but absent from the expert evaluation.

uI Ground Truth GPT Zero-shot GPT Few-shot GPT Chain-of-Thought
01 H2, H3, H7, HI0 :_:i :_;T;IH?'”E"“" HI1, H4, H6, H8, H10 H2, H4, H5, H6, H8, H10
02 H3LHIO H4, 5, H6,HS, HI0  H4,HS,H6,HS, HI0  H2, Hd, H5, H6, HS, HI0
HI M3, He,HS.H6,  HIH3H4HSH6,  HIH3, Hd, HS, Ho, H7,
3 3.
03 H3, Hd, HS, H10 HS8, H10 H8,H10 HE, H10
04 HLH3HTHS,HIO HI Ha, 6 HS HI0  He HS Ho Hg HI0 [ [ 4 F. HO.HO.
05 HI. H3, H8, HI0 H4, H6, H8, H10 H4, H6, H8, H10 HI, H4, H5, H6, H8, H10
P
06 HIo p - HOHTHS -y b6, Hs, Hi0 HI, H4, H6, HT, H8, H10
o7 H2, H3, H8, H10 HI1, H4, H6, H8, H10 :‘;“L‘H{ HS, H6, H8, HI1, H4, H5, H6, H8, H10
08 HS.HIO P 3 HOHT HS iy Hs,He, HS,HI0  HI. H4, HS, Ho, HS, H10
- H3, H4, H5, H6, H8. HI, H3, H4, H5, H6, H7
, R ‘ , Ha, HS, He, H8, . H3, Hd, H5, H, H7,
09 H3. H8, H10 HI1, H4, H5, H10 H10 HS H10
10 H3, H10 H4, H5, H6, H8, H10 H4, H5, H6, H8, H10 H2, H4, H5, H6, H8, H10
H3, H4, H5, H6, H8. H3, H4, H5, H6, H8, HI, H3, H4, H5, H6, H7,
1 H3, H10 HI0 HI0 H8, HI0
12 H3H4Hg,Hl0  .HS.HEHT.HE — HLH3H4HS.HE gy b5 g6 s, HID

H10 H8, H10

Figure 3: Heuristics identified by each strategy.

The results reveal variation across heuristics. H10 (Help and
Documentation) and H8 (Aesthetic and Minimalist Design) showed
the highest recovery of expert annotations. H10 was identified in all
interfaces by both the expert and the model, regardless of prompting
strategy. However, because H10 was present in the ground truth
for all 12 interfaces, its perfect recovery does not demonstrate the
model’s ability to distinguish between its presence and absence. H8
also showed high recall across prompting strategies, although it
was frequently reported in interfaces where it was absent from the
reference evaluation.

In contrast, H4 (Consistency and Standards), H5 (Error Preven-
tion), and H6 (Recognition Rather Than Recall) exhibited frequent
unsupported predictions. Although H4 appeared only twice in
the ground truth, it was reported in almost every interface by all
prompting strategies. H5 and H6 were absent from the expert evalu-
ation but were repeatedly reported by the model. Thus, predictions
for H5 and H6 constitute false positives in this dataset; however, the
absence of positive cases prevents assessing the model’s ability to
correctly identify these heuristics when they are actually present.

A different pattern was observed for H3 (User Control and Free-
dom). This heuristic was one of the most frequent violations iden-
tified by the expert (10 occurrences), yet the model often missed
it. Zero-shot recovered only two occurrences, while few-shot and
chain-of-thought improved coverage to five and four detections,
respectively. This result indicates substantial under-identification
of H3 in the evaluated interfaces, even when examples or explicit
reasoning instructions were provided.

The prompting strategies also produced distinct heuristic-level
behaviors. Few-shot prompting achieved the most balanced pro-
file, improving the detection of reference violations while limiting
unsupported diagnoses. Chain-of-thought expanded coverage for
heuristics such as H1, H2, and H7, recovering violations missed
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by the other strategies, but also produced more unsupported pre-
dictions for H4, H5, and H6. Zero-shot generally produced lower
coverage and missed a larger number of expert-identified violations.

Overall, the findings show that heuristic-level error profiles vary
across prompting strategies and heuristics. However, these pat-
terns should be interpreted cautiously because the prevalence of
violations is highly uneven across heuristics. The results there-
fore characterize the behavior observed in the evaluated interfaces
rather than establishing that particular heuristics are inherently
more or less suitable for screenshot-based evaluation. Future stud-
ies with more balanced heuristic prevalence and richer evidence,
such as interaction traces, task flows, or multi-screen contexts, are
needed to investigate these differences further.

Answer to RQ2. Within the evaluated dataset, H8 and H10 showed
high recovery of reference annotations, whereas H4, H5, and H6
exhibited frequent unsupported predictions. However, these heuristic-
level patterns should be interpreted in light of the highly uneven
ground-truth prevalence, including the absence of positive H5 and
H6 cases and the presence of H10 in all evaluated interfaces. Thus,
the results characterize heuristic-specific error patterns in this dataset
rather than establishing that particular heuristics are inherently more
reliable for screenshot-based evaluation.

6 Discussion

The findings of this study contribute to the ongoing discussion on
the role of Generative Al in usability evaluation [21]. Although the
prompting strategy affected model behavior, it did not fundamen-
tally alter the level of agreement with expert assessments. Few-shot
prompting achieved the highest precision (0.40) and agreement
with the ground truth (x = 0.193), whereas Chain-of-Thought (CoT)
achieved the highest recall (0.76). However, all strategies remained
within the “slight agreement” range, reinforcing observations from
previous studies that current LLMs are not yet capable of reliably
replicating expert heuristic evaluation judgments [6, 11]. Instead,
the models appear more suitable as assistants that generate candi-
date findings requiring human validation.

The heuristic-level analysis further helps characterize these lim-
itations and complements recent findings reported by Guerino et
al. [9]. H8 (Aesthetic and Minimalist Design) and H10 (Help and Doc-
umentation) showed the highest recovery of reference annotations,
whereas H4 (Consistency and Standards), H5 (Error Prevention),
and Hé6 (Recognition Rather Than Recall) exhibited frequent unsup-
ported predictions. However, these patterns should be interpreted
cautiously because ground-truth prevalence was highly uneven:
H10 was present in all interfaces, whereas H5 and H6 had no pos-
itive cases. Therefore, the results characterize heuristic-specific
error patterns in this dataset rather than demonstrating that partic-
ular heuristics are inherently more suitable for screenshot-based
evaluation.

One possible explanation for the superior performance of few-
shot prompting is that the provided example acts as an implicit
calibration mechanism. Rather than merely demonstrating the ex-
pected output structure, the example appears to communicate the
level of evidence required to justify a usability diagnosis. In con-
trast, CoT prompting encourages broader exploration of potential
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violations, which increases sensitivity but also amplifies specula-
tive findings that are not supported by the available screenshot
evidence.

The results also highlight the importance of input modality.
While approaches such as ScreenAudit [27] leverage richer sources
of information, including accessibility metadata and interaction
traces, our study deliberately restricted the model to static screen-
shots. Under these conditions, CoT prompting increased recall and
false positives, suggesting that additional reasoning steps may en-
courage speculative diagnoses when contextual evidence is limited.
This behavior indicates that prompt engineering alone may not be
sufficient to overcome the limitations imposed by restricted inter-
face evidence and that improvements in evaluation reliability may
require richer contextual inputs.

Overall, our findings suggest that future advances in LLM-assisted
usability evaluation are likely to depend on improved prompting
strategies, richer contextual inputs, and more capable evaluation
agents. Integrating screenshots with complementary artifacts, such
as DOM structures, accessibility trees, interaction logs, and task
flows, may help reduce unsupported diagnoses and improve agree-
ment with expert evaluations. In this sense, recent research on
LLM-driven GUI testing and autonomous interface exploration [8]
points toward a promising direction for extending usability inspec-
tion beyond static interface analysis.

7 Implications

The findings of this study have implications for both research and
practice in LLM-assisted heuristic evaluation. From a research
perspective, the results show that the prompting strategy is a rele-
vant experimental factor rather than a fixed configuration choice.
Although all strategies used the same model and input evidence,
they produced distinct precision-recall profiles. Few-shot prompt-
ing achieved the highest precision and agreement with the ex-
pert ground truth, whereas chain-of-thought achieved the highest
recall at the cost of more false positives. These findings suggest
that prompt design should be systematically investigated alongside
other factors, such as model families, evaluation protocols, and
input modalities.

The results also reveal distinct error profiles across usability
heuristics. However, the uneven prevalence of heuristic violations
in the ground truth limits conclusions about whether specific heuris-
tics are inherently more suitable for screenshot-based evaluation.
These findings motivate future studies using richer evaluation arti-
facts, such as DOM structures, accessibility trees, interaction logs,
and task flows, as well as stronger benchmarks and multi-evaluator
designs. The replication package accompanying this study may
further support future benchmarking and replication efforts in
LLM-assisted usability evaluation.

From a practical perspective, the findings indicate that GPT-
5.4 can support usability inspections rather than replace human
evaluators. Even the best-performing configuration achieved only
slight agreement with the expert ground truth, indicating that gen-
erated diagnoses should be treated as candidate findings requiring
validation. Consequently, organizations adopting LLM-assisted us-
ability evaluation should position LLMs as assistants for preliminary
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inspection, triage, and issue discovery rather than as automated
decision-makers.

The observed trade-off between precision and recall also guides
practitioners. Few-shot prompting may be preferable when re-
viewer effort is limited and reducing false positives is important.
In contrast, chain-of-thought may be useful in exploratory inspec-
tions where maximizing issue discovery is the primary objective.
Therefore, practitioners should carefully align prompting strategies
with their evaluation goals and, whenever possible, complement
screenshot-based analyses with richer interface artifacts and human
review.

8 Threats to Validity

This section discusses the main threats to the validity of the study,
organized according to the categories proposed by Wohlin et al. [26].

Construct Validity. The comparison between model outputs
and the expert ground truth was conducted at the interface-heuristic
level using exact heuristic matching. This representation supports
the computation of classification-oriented metrics but may not cap-
ture partial agreement between diagnoses. For example, a usability
problem categorized by the expert as H3 (User Control and Free-
dom) but reported by the model as H5 (Error Prevention) would be
counted as both a false negative and a false positive, even if both
diagnoses refer to the same interface issue. As a result, the reported
metrics may underestimate cases in which the model identified a
relevant problem but assigned a different heuristic.

Another construct threat concerns the granularity of the ground
truth. The reference evaluation indicates only whether each heuris-
tic was violated in each interface, without representing the number
of distinct problems, their locations, or their severity. Consequently,
the analysis focuses exclusively on the detection of heuristic viola-
tions. It does not assess whether the model identified the same in-
terface element, produced equivalent explanations, assigned appro-
priate severity ratings, or generated actionable recommendations.
Therefore, the reported results should be interpreted as measures of
violation-detection capability rather than overall diagnostic quality.
These aspects are important for practical adoption and should be
investigated through qualitative assessments involving usability
specialists in future work.

Internal Validity. The ground truth was produced by the first
author and subsequently reviewed by a usability specialist with
experience in Nielsen’s heuristics, with disagreements resolved by
consensus. However, because the evaluation was not conducted
independently by multiple evaluators, inter-rater agreement could
not be assessed, and evaluator-specific bias may remain. To mitigate
this threat, the human evaluators and the model were restricted to
the same evidence: information visible in a single screenshot.

The results may also be sensitive to prompt design. Small changes
in the system prompt, few-shot example, chain-of-thought instruc-
tions, or output schema could affect model behavior. To reduce this
threat, all strategies shared the same system prompt, output format,
model configuration, and temperature setting, differing only in the
prompting strategy. Finally, the post-processing procedure may
influence the reported metrics. Model outputs were normalized by
collapsing multiple diagnoses of the same heuristic into a single
prediction. While necessary to align with the interface-heuristic
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representation adopted in the ground truth, this procedure may hide
differences in the number and specificity of diagnoses generated
by each strategy.

External Validity. The study used 12 Al-generated e-commerce
mockups produced with Google Stitch. Although this controlled
setting helped standardize the experiment and reduce confounding
factors such as personalization, runtime behavior, and dynamic
content, it may not fully represent real-world interfaces, which
often contain more complex layouts, accessibility features, and
interaction states.

The findings are also limited to a single application domain, a
single input modality (static screenshots), and a single LLM fam-
ily. Results may differ in domains such as healthcare, education,
government services, or enterprise systems, where usability issues
often require domain knowledge or richer contextual information.
Likewise, evaluations based on screenshots may not generalize to
settings that incorporate DOM structures, accessibility trees, source
code, interaction logs, or task flows. Therefore, the observed supe-
riority of few-shot prompting should be interpreted as evidence
for this specific experimental setting rather than as a general claim
across interface types, evidence sources, or LLM families.

Conclusion Validity. The sample size of 12 interfaces limits the
statistical stability of the reported metrics. Although the interface-
heuristic representation yields 120 binary decisions per strategy,
these observations are not fully independent because decisions are
grouped by interface and by heuristic. Moreover, each interface—
strategy combination was executed once, so run-to-run variability
in model outputs was not quantified. Cohen’s kappa is also sensi-
tive to class distribution and prevalence effects, which should be
considered when interpreting the low agreement values.

The study was designed as an exploratory empirical comparison
of prompting strategies rather than a statistical test of superiority;
therefore, no hypothesis testing was performed. The results should
thus be interpreted as preliminary evidence about zero-shot, few-
shot, and CoT prompting in LLM-based usability evaluation. Future
replications with larger interface sets, repeated executions, multiple
specialists, additional model families, and richer input modalities
are needed to strengthen the conclusions.

9 Final Remarks

This paper presented an empirical study evaluating how different
prompting strategies influence the reliability of GPT-5.4-assisted
heuristic evaluation of user interfaces. To this end, we compared
zero-shot, few-shot, and chain-of-thought prompting against expert-
derived ground truth using 12 e-commerce interface screenshots
and Nielsen’s heuristics, considering heuristic evaluation as an
Al-assisted software testing activity.

The results show that the prompting strategy influences model
behavior. Few-shot prompting achieved the best overall balance,
with the highest F1-score (0.51), the highest precision (0.40), and
the strongest agreement with the ground truth (x = 0.193). Chain-
of-thought prompting achieved the highest recall (0.76), but also
produced the largest number of false positives. Zero-shot prompting
provided an intermediate baseline. Across all strategies, agreement
with the ground truth remained within the slight range, indicating
room for improvement in the reliability of LLM-assisted heuristic
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evaluation. At the heuristic level, H8 and H10 showed high recov-
ery of reference annotations, whereas H4, H5, and H6 exhibited
frequent unsupported predictions. However, these patterns should
be interpreted in light of the uneven ground-truth prevalence, in-
cluding the presence of H10 in all interfaces and the absence of
positive H5 and Hé6 cases. Thus, the results reveal heuristic-specific
error patterns but do not establish that particular heuristics are
inherently more reliable for screenshot-based evaluation.

These findings suggest that LLM-assisted heuristic evaluation
has the potential to support early-stage usability inspection by pro-
viding rapid, structured feedback on interface screenshots. However,
the low agreement and frequent unsupported diagnoses observed
in this study reinforce the need for specialist validation. In this
sense, LLMs are better positioned as assistants for preliminary in-
spection and issue triage than as replacements for expert heuristic
evaluation.

Future work will extend this study in six directions: (i) investigat-
ing richer input modalities, such as DOM structures, accessibility
trees, interaction logs, and task flows, to determine whether addi-
tional evidence improves the reliability of LLM-assisted heuristic
evaluation; (ii) evaluating additional LLM families and versions;
(iil) expanding the interface set to include real-world systems and
domains beyond e-commerce; (iv) involving multiple usability spe-
cialists to assess inter-rater reliability and construct a consensus
ground truth; (v) evaluating the correctness, relevance, clarity, sever-
ity assessment, usefulness, and actionability of generated diagnoses;
and (vi) exploring agentic LLM strategies for multi-step interface
inspection and diagnosis refinement, building on recent agentic
approaches in software quality tasks [16].

Generative Al Use

Generative Al tools were used to support language revision and the
generation of illustrative figures. All research design decisions, ex-
perimental procedures, data analysis, interpretation of results, and
final manuscript content remain the responsibility of the authors.

Artifact Availability

The replication package for this study - including the interface set,
specialist evaluations, prompts, and model outputs - is publicly
available at: http://doi.org/10.5281/zenodo0.21891321.
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