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Abstract

Virtual Reality (VR) metaverse environments impose demanding
non-functional requirements (NFRs) on quality attributes. Manual
design of NFR test cases is labour-intensive, expert-dependent, and
difficult to keep aligned with evolving quality standards. We inves-
tigate whether four state-of-the-art Large Language Models (LLMs)
can generate automated, ISO/IEC 25010-aligned NFR test cases for
a VR metaverse, and whether human assessor ratings agree with
an LLM-as-a-Judge evaluation of the same tests. We applied a five-
stage Automated Test Case Generation (ATCG) workflow to five
ISO/IEC 25010 quality attributes. Each generated test case was evalu-
ated under two independent perspectives: (i) a two-assessor human
panel rating; and (ii) an LLM-as-a-Judge protocol implemented as a
custom skill applying the same rubric. Both perspectives were aggre-
gated into weighted composite scorecards using domain-prioritised
attribute weights. The two evaluation perspectives yield different
rankings. Under human assessment, DeepSeek-V2 ranked first, fol-
lowed by Copilot, ChatGPT, and Gemini. Under the LLM-as-a-Judge
evaluation, Copilot ranked first, followed by ChatGPT, Gemini, and
DeepSeek-V2 last. The rank inversion of DeepSeek-V2 traces to the
judge penalising missing preconditions and measurement tool spec-
ifications that human assessors filled in with domain knowledge.
LLMs are viable ATCG tools for VR metaverse NFRs when prompts
are anchored to ISO/IEC 25010 sub-characteristics. Evaluation per-
spective is a first-class variable: human assessors favour conceptual
breadth, while rubric-anchored LLM judges enforce specification
completeness.
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1 Introduction

The proliferation of Virtual Reality (VR) and metaverse platforms
has created a new class of interactive software whose quality re-
quirements transcend traditional functional correctness. Users of
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immersive environments demand responsive frame rendering, re-
silient session management, robust security of personal data, and
seamless cross-platform compatibility [6, 8]. Meeting these expec-
tations requires systematic verification of non-functional require-
ments (NFRs), yet NFR testing remains one of the most labour-
intensive activities in software quality assurance (SQA): tests must
be designed against abstract quality attributes, executed in hetero-
geneous runtime conditions, and re-validated whenever the system
evolves.

The ISO/IEC 25010 standard provides a structured decompo-
sition of software product quality into eight characteristics and
twenty-three sub-characteristics, offering a concrete vocabulary
for specifying and evaluating NFRs [13]. However, translating ISO
quality sub-attributes into executable test cases still requires sub-
stantial domain expertise, and automated approaches lag behind
functional test generation tools. Large Language Models (LLMs)
have recently emerged as powerful generative assistants for soft-
ware engineering tasks, including code completion, requirements
elicitation, and test case drafting [1, 16]. Studies show that LLMs
can generate requirements aligned with ISO/IEC 25010 with up to
80% accuracy [1], and that they reduce the manual effort required
to produce unit tests [17]. Whether this capability extends to the
domain of NFR testing for VR systems—where quality attributes
have nuanced, environment-specific semantics [11]—remains an
open question.

This paper presents an empirical study that closes this gap. We
evaluate four freely accessible, state-of-the-art LLMs in their ability
to generate test cases for five ISO/IEC 25010 attributes applied to a
VR metaverse system [8]. Our research questions are:

RQ;. To what extent can LLMs generate valid, comprehensive, and
actionable NFR test cases for VR metaverse systems when guided by
ISO/IEC 25010 quality attributes?

RQ,. To what extent do human evaluator ratings agree with LLM-
as-a-Judge assessments of the generated test cases, and what are the
implications of any discrepancies for automated quality evaluation?

The contributions of this work are:



SAST 2026, September 8-11, 2026, Sao Paulo, SP, Brazil

(1) Areusable five-stage Automated Test Case Generation (ATCG)
workflow that operationalises ISO/IEC 25010 attributes as
LLM prompt scaffolding;

(2) A comparative empirical evaluation of DeepSeek-V2, Copi-
lot, ChatGPT, and Gemini across Usability, Performance Effi-
ciency, Reliability, Security, and Compatibility;

(3) A dual-perspective quality scorecard combining human as-
sessor ratings with LLM-as-a-Judge evaluation, yielding a
composite 0-10 score per LLM under both perspectives; and,

(4) Guidelines for practitioners applying LLM-based ATCG to
immersive software systems, including prompt design prin-
ciples and security-compliance considerations.

2 Related Work

This section reviews the literature relevant to automated test case
generation using LLMs, software quality assessment based on the
ISO/IEC 25010 standard, and testing approaches for VR applications.
First, studies that employ LLMs to support software testing activities
are discussed. Next, the ISO/IEC 25010 quality model is presented as
a framework for defining and evaluating software quality attributes.
The section then examines the particular challenges associated with
VR software quality and testing, followed by a review of traditional
test automation techniques. Finally, the identified research gap is
highlighted, motivating the proposed approach that combines LLM-
based test generation with ISO/IEC 25010 quality attributes in the
context of VR applications.

2.1 LLMs for ATCG

The use of LLMs for test generation has gained considerable re-
search momentum. Celik and Mahmoud [5] performed a review
on LLMs for Automated Test Case Generation. Wang et al. [16]
surveyed LLM-based software testing approaches and identified
test case generation as one of the highest-impact application areas,
noting that prompt engineering quality is the dominant factor in-
fluencing output correctness. Yuan et al. [17] evaluated ChatGPT
for unit test generation across multiple programming languages
and reported improvements over traditional automated tools in
test readability and fault detection, while identifying coverage com-
pleteness as a remaining limitation.

Tasarsu et al. [15] conducted a systematic literature review (SLR)
to analyze existing methods for LLM-based test case generation,
highlighting trends, strengths, limitations, and research gaps in this
area. Zhang et al. [18] surveyed LLM-based automated program
repair and test generation, concluding that structured prompts
anchored to formal specifications outperform open-ended test re-
quests. Almonte et al. [1] focused on NFR generation, demonstrating
that LLMs can produce ISO-aligned requirements with competitive
accuracy when given explicit standard definitions in the prompt.

Three recent studies from the Brazilian testing community fur-
ther contextualise this work. Barbosa et al. [3] investigated the use
of LLM-generated tests for detecting semantic merge conflicts in
Java code, demonstrating that automatically generated test cases
can expose behavioural regressions that escape static analysis—a
finding that motivates broader adoption of LLM-based ATCG be-
yond functional unit testing. Fagundes and Teixeira [7] evaluated
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multiple LLMs for multimodal GUI test generation in Android ap-
plications, comparing models on their ability to interpret UI screen-
shots and produce actionable test steps; their work highlights the
sensitivity of output quality to prompt structure and multimodal
grounding, echoing our observations about sub-characteristic spec-
ification. André and Alves [2] conducted an empirical study on
generating exploratory test suites with ChatGPT, reporting that
ChatGPT can produce diverse, readable exploratory tests but tends
to miss complex interaction paths that require domain knowledge—
a limitation directly relevant to NFR testing for immersive systems
where domain context is critical.

Taken together, this body of work establishes that LLMs can
generate useful test artifacts, but prior studies focus predominantly
on functional unit tests or requirements text, leaving NFR test case
generation, particularly for immersive systems, largely unexplored.

2.2 ISO/IEC 25010 Quality Models

ISO/IEC 25010 defines eight product quality characteristics: Func-
tional Suitability, Performance Efficiency, Compatibility, Usability,
Reliability, Security, Maintainability, and Portability. Peters and Ag-
grey [13] demonstrated how the standard’s structure can be instan-
tiated for enterprise systems by mapping each sub-characteristic to
measurable indicators. Their work illustrates the standard’s flexibil-
ity across domains and motivates its adoption as a prompt scaffold
in our approach. For VR environments, three characteristics (Us-
ability, Performance Efficiency, and Reliability) directly govern the
perceptual quality of immersion, while Security and Compatibility
address cross-platform data integrity—all five being relevant for
real-time interactive systems.

2.3 VR Software Quality and Testing

VR application quality carries domain-specific properties absent
from traditional quality models. Li et al. [11] analysed over 1.1 mil-
lion user reviews of VR applications and constructed a taxonomy
of twelve quality attributes specific to VR, including comfort, in-
teraction responsiveness, and immersiveness, attributes not fully
addressed by ISO/IEC 25010. Chang and Suh [6] confirmed that
immersion and interaction quality are primary drivers of user sat-
isfaction in VR exhibition contexts. Rzig et al. [14] examined the
challenges of testing augmented and virtual reality applications,
reporting that VR testers face unique difficulties in automating spa-
tial, sensory, and hardware-dependent test oracles. These findings
underscore the importance of adapting standard quality models to
the VR context and justify our selection of five ISO attributes most
relevant to VR runtime quality.

2.4 Traditional Test Automation Approaches

Prior to the LLM era, reinforcement learning (RL) was the dominant
Al-based paradigm for automated test generation. Lima et al. [12]
demonstrated that RL agents can learn action sequences that max-
imise code coverage and improve fault detection without manual
script authoring. Cardoso et al. [4] evaluated DRL-MOBTEST on
nine Android applications, achieving 74.43% average code coverage
and a 63.52% improvement over random exploration. Islam et al.
[10] mapped the landscape of Al techniques in software testing
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and identified RL and neural approaches as the most productive
directions for automation.

Despite these achievements, RL-based approaches require long
training cycles, access to internal application states, and reconfig-
uration whenever the target system changes. LLMs bypass these
constraints: being pre-trained on vast corpora. They generate test
cases through prompt engineering without additional training cost.
This agility makes them attractive for VR projects with rapidly
evolving feature sets.

2.5 Research Gap

No prior work has combined LLMs with the ISO/IEC 25010 frame-
work to automatically generate NFR test cases for VR metaverse
environments. Table 1 positions this study against the most closely
related work. Key observations are threefold. First, all prior empir-
ical studies target either functional or GUI test generation; none
focus on ISO-anchored NFR testing. Second, no study evaluates
LLMs specifically on VR or immersive platforms, where quality at-
tributes carry environment-specific semantics. Third, no prior work
combines a human assessor panel with LLM-as-a-Judge evaluation
to cross-validate quality ratings—a methodological contribution
that enables RQ,. This study directly addresses all three gaps.

3 Research Method

This study follows a descriptive empirical design. The target system
is an educational VR metaverse [8], built on Unity3D and deployed
via a social VR platform, featuring avatar locomotion, historically
themed mini-games, and cross-platform support (browser, mobile,
and standalone headset). The five-stage workflow is illustrated in
Figure 1. Stage 4 (Quality Evaluation) was performed under two
complementary perspectives: a human assessor panel and an LLM-
as-a-Judge protocol.

3.1 Stage 1 — LLM Selection

Four widely adopted, freely accessible LLMs were selected to ensure
comparable conditions and to reflect tools available to practitioners
without institutional licences:

e DeepSeek-V2 — open-weight model, accessed through its
official web interface;

e Microsoft Copilot (GPT-40 core) — available on the web and
within Windows;

e OpenAl ChatGPT (GPT-40) — free tier with usage limits;

e Google Gemini 2.5 Flash — free tier access.

In addition to these four generator LLMs, Claude Anthropic
Sonnet 4.6 was used exclusively as the LLM-as-a-Judge (Stage 4),
not as a test generator. This separation ensures that the judge model
is independent of all evaluated systems.

Each model was queried through a fresh session (no prior con-
versation history, incognito mode, or newly created account) to
prevent context leakage across queries.

3.2 Stage 2 —ISO/IEC 25010 Attribute Selection

Five of the eight quality characteristics defined by ISO/IEC 25010
were selected as most critical for VR runtime quality. The excluded
characteristics (Maintainability, Portability, Functional Suitability)

SAST 2026, September 8-11, 2026, Sao Paulo, SP, Brazil

relate primarily to development-time concerns rather than user-
facing execution quality. Table 2 lists the selected attributes and
their most relevant sub-characteristics.

3.3 Stage 3 — Prompt Engineering and Test Case
Generation

For each attribute, an identical prompt template was completed and
submitted to all four LLMs. The template contained three compo-
nents: (1) a synthesised description of the VR metaverse system
(avatar locomotion, game objectives, historical characters, and cross-
platform deployment); (2) the ISO/IEC 25010 attribute definition
and its key sub-characteristics; and (3) an instruction to return
one test cases in the structured format: objective / steps / expected
result. Holding the template constant across models ensures that
differences in output quality are attributable to model capability
rather than prompt variation. In total, 20 test generation prompts
were issued (5 attributes X 4 LLMs).

Table 3 presents the prompt template used for all LLMs to gen-
erate the tests. One template per attribute was instantiated. All
templates are publicly available in the artifact repository.

3.4 Stage 4 — Quality Evaluation

Each generated test case was evaluated under two independent
perspectives.

Human evaluation. Two independent assessors rated each test
case on four criteria, with consensus reached for discrepancies:

(1) Coverage — Does the test address the declared ISO attribute
and its sub-characteristics?

(2) Executability — Can the test be run on the current prototype
without missing dependencies?

(3) Clarity — Are the objective, steps, and expected result un-
ambiguous?

(4) Novelty — Does the test add value beyond standard regres-
sion scenarios?

Each criterion was rated on a five-point ordinal scale: Very Low
(VL), Low (L), Medium (M), High (H), Very High (VH). Ratings
were subsequently converted to a 0-10 numeric scale (VH =10, H
=8, M =6, L =4, VL =2) and averaged across criteria to produce per-
attribute scores. These scores were then combined into a weighted
composite using the weights shown in Table 2. Security carries
the highest weight (25%) to reflect the regulatory priority imposed
by Brazil’s Lei Geral de Protecdo de Dados (LGPD) on systems
handling user identity data.

LLM-as-a-Judge evaluation. To cross-validate human assess-
ments and address RQ,, we additionally applied an LLM-as-a-Judge [9,
19] protocol. Zheng et al. [19] demonstrated that strong LLMs can
serve as reliable proxies for human evaluators in open-ended quality
assessments. Gu et al. [9] systematised this paradigm, cataloguing
bias types (position, verbosity, self-enhancement) and mitigation
strategies; we adopt their recommendation of single-turn, criteria-
anchored rubric prompting to minimise these biases.

We implemented a custom skill (vr-testing-judge) backed by
Claude Anthropic Sonnet 4.6 as the judge model. The skill instructs
the model to act as an impartial ISO/IEC 25010 software quality
expert and to score each test case independently on the same four
criteria used by human assessors, using the same VH/H/M/L/VL
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Table 1: Comparison of related work on LLM-based test generation.

Study LLM(s) Domain Test Type Standard Eval. Method Judge
Wang et al. 2024 Multiple  General SE Functional - Survey/metrics Human
Yuan et al. 2024 ChatGPT Multi-language Unit tests — Automated Human
Almonte et al. 2025 Multiple  General RE NFR regq. ISO 25010  Accuracy Human
André & Alves 2025 ChatGPT Web apps Exploratory — Empirical Human
Barbosa et al. 2025 Multiple  Java code Conflict detect. — Empirical Human
Celik & Mahmoud 2025 Multiple  General SE Functional — Review Human
Fagundes & Teixeira 2025 Multiple = Android GUI GUI/func. - Empirical Human
Tasarsu et al. 2026 Multiple  General SE Functional — SLR Human
This work 4 LLMs VR Metaverse ~ NFR tests ISO 25010  Scorecard Human + LLM-j

Stage 1 Stage 2 Stage 3 Stage 4 Stage 5

LLM —>] ISO Attr. —>] Prompt > Quality > Prototype
Selection Selection Engineering Evaluation Execution

Figure 1: Five-stage workflow for LLM-based ISO/IEC 25010-guided automated test case generation.

Table 2: ISO/IEC 25010 attributes selected, key sub-
characteristics, and attribute weight distribution for the com-
posite scorecard.

Attribute Key sub-characteristics Weight
Security Confidentiality, integrity, non-repudiation ~ 25%
Performance Effic.  Time behaviour, resource utilisation 20%
Reliability Maturity, fault tolerance, recoverability 20%
Usability Appropriateness recognisability, learnabil-  20%

ity, operability
Compatibility Co-existence, interoperability 15%

ordinal scale converted to the 0-10 numeric equivalents. The judge
is explicitly instructed not to infer information absent from the test
text, mitigating verbosity bias. Table 4 summarises the judge skill
structure.

3.5 Stage 5 — Prototype Execution

Each test case generated by an LLM was manually executed on the
VR metaverse prototype [8]. Execution outcomes (pass/fail) were
recorded and analysed qualitatively to assess the practical utility
of the generated tests and to identify patterns in defect discovery
relative to ISO attribute type.

3.6 Adherence to Reporting Guidelines for
LLM-Based Studies

LLMs introduce specific threats to the reproducibility of empirical
software engineering research, including non-determinism, opaque
configurations, and the rapid evolution of underlying models. To
mitigate these threats and to strengthen the transparency of our
study, we follow the Guidelines for Empirical Studies in Software
Engineering involving Large Language Models [? ], which consol-
idate eight recommendations for designing and reporting LLM-
based studies. Our study spans two of the study types identified by

Template - <atribute>

You are a QA analyst. Generate one test case focused on
<atribute> (ISO/IEC 25010) for the metaverse described below:

You will test an educational, immersive, and inclusive meta-
verse that recreates the Battle of Itaparica from a decolonial
perspective. The 3D environment features the island modeled
with buildings, objects, and historical characters (e.g., Maria Fe-
lipa as a guide). Students explore scenarios, interact with NPCs,
and play minigames and quizzes that reinforce cultural, social,
and military content from the period. The metaverse runs in
a browser, on mobile devices, and on VR headsets, allowing
asynchronous multiplayer and cloud-based progress saving. It
was built using Spatial.io, a development platform that uses the
Unity game engine and the C# programming language.

Attribute: <atribute>
Sub-attributes: <sub-atributes>
Format the test case as:
Objective: . ..

Steps:

Expected Result: . . .

Table 3: Prompt template

the guidelines: LLMs used as tools—the four generator models in
Stages 1-3 and 5—and LLMs used as judges—the LLM-as-a-Judge
introduced in Stage 4.
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VR-Testing Judge Skill

Role: Impartial judge, ISO/IEC 25010 software quality expert.
Context provided: ISO attribute + sub-attributes; full test
case (Objective / Steps / Expected Result); VR-Testing meta-
verse description (Spatial.io, Unity, C#, browser/mobile/VR,
async multiplayer).

Criteria evaluated (per test case):

e Coverage: does the test address the declared attribute
and sub-characteristics?

Executability: can the test run on the prototype without
missing dependencies?

o Clarity: are objective, steps, and expected result unam-
biguous?

Novelty: does the test add value beyond generic regres-
sion scenarios?

Scale: VH=10, H=8, M=6, L=4, VL=2. Per-test score = mean of
four criteria.

Output: Per-criterion rating + 1-2 sentence justification +
per-test score + aggregate summary across the test batch.
Bias mitigations: Single-turn rubric prompting; no inferred
information; criteria defined before test is presented.

Table 4: LLM-as-a-Judge skill structure (vr-testing-judge).

4 Results

The following subsections present the quality evaluation results for
each ISO/IEC 25010 attribute (Tables 5-9), followed by the weighted
composite scorecard (Table 10) and prototype execution observa-
tions.

4.1 Usability

Table 5 summarizes the Usability results. Human assessors rated
DeepSeek-V2 highest, assigning VH scores for Coverage, Executabil-
ity, and Clarity. In contrast, the LLM-as-a-Judge assigned only M
or L scores, citing the absence of a defined participant count and
other missing experimental details. ChatGPT and Copilot showed
greater agreement between evaluators, with both receiving high
scores for Coverage and Clarity. Gemini 2.5 exhibited the opposite
pattern, as the judge consistently rated its outputs higher than
human assessors.

Table 5: Usability evaluation results.

Coverage  Exec. Clarity

LLM Hu J Hu J Hu J Hu ]

ChatGPT VH VH H M VH H H VH
Copilot H VH H H H VH M VH
DeepSeeckVv2 VH M VH L VH M H M
Gemini 2.5 L VH M M M H L VH
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Figure 2 compares the usability profiles produced by human
assessors and the LLM-as-a-Judge. ChatGPT (Figure 2a) achieved
strong agreement on Coverage, although humans assigned higher
scores for Execution and Clarity, while the judge rated Novelty more
favorably. Gemini 2.5 (Figure 2d) showed substantial disagreement,
with the judge assigning markedly higher scores for Coverage, Clar-
ity, and Novelty. DeepSeek-V2 (Figure 2c) presented the greatest
divergence: human assessors awarded top ratings for Coverage,
Execution, and Clarity, whereas the judge penalized missing exper-
imental details and assigned substantially lower scores. For Copilot
(Figure 2b), the judge generally rated the generated tests more posi-
tively than humans, particularly for Coverage, Clarity, and Novelty,
while both evaluators agreed on Executability.

4.2 Performance Efficiency

Table 6 summarizes the Performance Efficiency results. Human
assessors rated DeepSeek-V2 and Copilot most favorably, assign-
ing VH scores across most criteria. The LLM-as-a-Judge largely
agreed with Copilot’s strong performance but assigned lower scores
to DeepSeek-V2, citing missing details regarding measurement-
tool configuration and platform-specific evaluation procedures.
ChatGPT received consistently high ratings from both evaluators,
whereas Gemini 2.5 exhibited the largest positive bias from the
judge, particularly for Coverage, Clarity, and Novelty.

Table 6: Performance Efficiency evaluation results.

Coverage Exec. Clarity  Novelty
LLM Hu J Hu J Hu J Hu ]
ChatGPT H H H M VH H M H
Copilot VH VH VH VH H VH H H
DeepSeek-v2 VH H VH M VH M VH M
Gemini 2.5 M H M M M H L H

Figure 3 illustrates the agreement and divergence patterns be-
tween human and LLM-as-a-Judge. Copilot (Figure 3b) achieved
the strongest alignment, with both evaluators assigning high scores
across all dimensions. ChatGPT (Figure 3a) also showed relatively
consistent assessments, although human evaluators rated Executabil-
ity and Clarity more favorably. In contrast, DeepSeek-V2 (Figure 3c)
presented the greatest disagreement, with human assessors as-
signing uniformly high scores while the judge penalized missing
implementation details. Gemini 2.5 (Figure 3d) exhibited the op-
posite pattern, as the judge consistently provided higher ratings
than human evaluators, particularly for Novelty. Overall, the radar
profiles reveal that evaluation differences stem primarily from the
level of detail expected for practical execution rather than from
disagreements regarding test objectives.

4.3 Reliability

Table 7 summarizes the Reliability results, which exhibit the highest
overall agreement between human assessors and the LLM-as-a-
Judge. Copilot achieved the most consistent performance, receiving
VH ratings from both evaluators on Coverage and Executability.
DeepSeek-V2 also performed strongly, although the judge assigned
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Coverage Coverage

= Human
Clarity —— LiM-as-a-Judge Clarity

(a) ChatGPT (b) Copilot

—= LM-asa-judge

Azevédo et al.

Coverage Coverage

= Human = Human
Clarity —= LLM-as-a-Judge Clarity == LLM-as-a-Judge

(c) DeepSeek-V2 (d) Gemini 2.5

Figure 2: Usability attribute radar profiles across the four evaluation criteria for each LLM.

Coverage Coverage

Novell xec.

= Human
Clarity —— LiM-as-a-Judge Clarity

(a) ChatGPT (b) Copilot

= UMasa-judge

Coverage Coverage

—— Human —— Human

Clarity —= LLM-as-a-Judge Clarity == LLM-as-a-Judge

(c) DeepSeek-V2 (d) Gemini 2.5

Figure 3: Performance Efficiency attribute radar profiles across the four evaluation criteria for each LLM.

lower scores for Executability, Clarity, and Novelty due to missing
implementation details. ChatGPT received favorable evaluations
overall, with the judge assigning high scores for Clarity and Novelty.
Gemini 2.5 showed the largest discrepancy, as the judge consistently
rated its outputs more positively than human assessors.

Table 7: Reliability evaluation results.

Coverage Exec. Clarity  Novelty
LLM Hau J Hu J Hu J Hu ]
ChatGPT H M H H H VH M VH

Copilot VH VH VH VH H VH H VH
DeepSeek-V2 VH VH VH M VH H VH H
Gemini 2.5 L VH M M M H L H

Figure 4 presents the agreement patterns across the four models.
Copilot (Figure 4d) demonstrates the strongest alignment, with
nearly overlapping radar profiles. ChatGPT (Figure 4a) exhibits
moderate differences, primarily because the judge rated Clarity
and Novelty more favorably. DeepSeek-V2 (Figure 4c) presents the
opposite trend, with human evaluators assigning higher scores
across most dimensions. Gemini 2.5 (Figure 4b) shows the greatest
divergence, as the judge consistently provided higher ratings than
human assessors. Overall, the radar profiles indicate that Reliability

produced the closest human—-judge agreement among all evaluated
quality attributes.

4.4 Security

Table 8 summarizes the Security results, which show a high degree
of agreement between human assessors and the LLM-as-a-Judge.
All models received strong Coverage evaluations, with the judge as-
signing VH ratings across the board. Copilot and ChatGPT obtained
consistently high scores for Executability and Clarity, reflecting
the structured nature of their security test scenarios. DeepSeek-V2
also performed well, although the judge assigned lower scores for
Executability and Clarity due to missing implementation details.
Gemini 2.5 exhibited the largest positive difference between evalu-
ators, particularly for Coverage and Novelty, as the judge placed
greater value on its LGPD-related and attack-oriented scenarios.

Table 8: Security evaluation results.

Coverage  Exec. Clarity  Novelty

LLM H J H J H J H J
ChatGPT H VH M H H VH M H
Copilot VH VH VH H H VH VH H
DeepSeekV2 VH VH VH M VH M VH H
Gemini 2.5 M VH M M M M L H
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Coverage Coverage

= Human
—= LM-asa-judge

Clarity —— LiM-as-a-Judge Clarity

(a) ChatGPT (b) Gemini 2.5

—— Human

Clarity —= LLM-as-a-Judge Clarity == LLM-as-a-judge

(c) DeepSeek-V2 (d) Copilot

Figure 4: Reliability attribute radar profiles across the four evaluation criteria for each LLM.

Figure 5 presents the evaluation profiles for each model. Copilot
(Figure 5b) achieved the strongest alignment, with nearly overlap-
ping human and judge assessments across all criteria. ChatGPT
(Figure 5a) also showed close agreement, although the judge con-
sistently assigned slightly higher scores. DeepSeek-V2 (Figure 5c)
displayed the opposite pattern, with human assessors rating the
generated tests more favorably than the judge. Gemini 2.5 (Fig-
ure 5d) presented the largest divergence, as the judge assigned
substantially higher ratings for Coverage and Novelty. Overall, the
radar profiles indicate that differences between evaluators were
primarily associated with the level of procedural detail provided
for test execution rather than with the relevance of the proposed
security scenarios.

4.5 Compatibility

Table 9 summarizes the Compatibility results. Copilot achieved
the highest consistency, receiving VH scores from both evaluators
across all criteria. DeepSeek-V2 illustrates the largest disagreement:
while human assessors assigned VH throughout, the judge down-
graded Executability (L) and Clarity (M) due to the absence of
explicit preconditions, device specifications, and tool references.
ChatGPT and Gemini received higher judge ratings for Novelty, re-
flecting the value attributed to their multi-platform synchronization
scenarios.

Table 9: Compatibility evaluation results.

Coverage Exec. Clarity  Novelty
LLM Hu J Hu J Hu J Hu J
ChatGPT H H H M H H M VH

Copilot VH VH VH VH H VH H VH
DeepSeek-V2 VH VH VH L VH M VH H
Gemini 2.5 M H M M M H L VH

Figure 6 visualizes the differences between human and judge as-
sessments. ChatGPT (Figure 6a) exhibits moderate divergence, with
higher human ratings for Executability and higher judge ratings
for Novelty. Gemini 2.5 (Figure 6d) follows a similar pattern, as the
judge consistently assigns higher scores except for Executability.
DeepSeek-V2 (Figure 6¢) presents the most pronounced discrepancy,

with human ratings substantially exceeding judge ratings, particu-
larly for Executability and Clarity. In contrast, Copilot (Figure 6b)
shows near-complete agreement between evaluators, reinforcing
its position as the most balanced and consistently rated model for
Compatibility.

4.6 Weighted Composite Scorecard

Table 10 presents the final weighted quality scores derived from
per-attribute numeric scores combined using the weights in Table 2.
Two composite scores are reported: the human assessor score (Hu)
and the LLM-as-a-Judge score (J), both computed with the same
weight distribution.

The human ranking places DeepSeek-V2 first (9.0), Copilot sec-
ond (7.8), ChatGPT third (7.4), and Gemini last (7.0). The LLM-as-
a-Judge ranking inverts this order at the top: Copilot leads (9.6),
followed by ChatGPT (8.4), Gemini (7.9), and DeepSeek-V2 last
(6.9). The rank reversal of DeepSeek-V2 is the most striking find-
ing: despite being rated best by human assessors, it received the
lowest composite score from the judge, primarily because its tests
consistently lacked explicit preconditions, measurement tool speci-
fications, and participant count definitions—gaps penalised heavily
by Executability and Clarity criteria when evaluated without tacit
domain knowledge. Copilot’s rise to first under the LLM-judge re-
flects its consistent provision of explicit tool references (Burp Suite,
MSI Afterburner), quantified thresholds, and structured expected
result tables that left no pass/fail ambiguity.

4.7 Prototype Execution

Test cases generated by DeepSeek-V2 and Copilot showed the high-
est execution success rate on the VR prototype, with most tests
providing concrete, measurable steps that could be followed with-
out ambiguity. Several DeepSeek-V2 security tests uncovered latent
issues in session token management. ChatGPT tests were gener-
ally executable but required manual refinement to address missing
pre-conditions. Gemini tests exhibited the highest ambiguity rate,
with several steps lacking specific interaction targets or measurable
expected values, reducing their practical utility in the prototype
execution phase.
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Figure 5: Security attribute radar profiles across the evaluation criteria for each LLM.
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Figure 6: Compatibility attribute radar profiles across the four evaluation criteria for each LLM.

Table 10: Weighted quality scorecard: human assessor (Hu) and LLM-as-a-Judge (J) composite scores, strengths, and drawbacks.

LLM Hu J Strengths

Drawbacks

DeepSeek-V2 9.0 6.9 Quantitative metrics across all attributes; separation by plat- Missing preconditions and tool configurations identified by

form; LGPD-aware adverse scenarios.

LLM-judge; no explicit measurement procedures.

Copilot 7.8 9.6  Explicit tool references (Unity Profiler, Burp Suite, mitmproxy); — Subjectivity in “thinking aloud”; absence of intermittent net-
well-structured expected results; LGPD compliance scenarios. work scenarios.

ChatGPT 7.4 84 Clear target audience; objective time metrics; precisely situated ~ Missing participant count in usability; limited accessibility
failure injection. coverage.

Gemini 2.5 7.0 7.9 Rich thematic contextualisation; multi-headset compatibility; Subjective pass/fail criteria; lack of specific preconditions; co-

graceful degradation scenarios.

existence sub-attribute undertested.

5 Discussion

This section interprets the results obtained. First, we analyze the
performance differences among the evaluated models. Next, we
compare human assessments with LLM-as-a-Judge evaluations to
examine their level of agreement and divergence. We then discuss
the influence of prompt engineering on test case quality, followed
by considerations related to security, data protection regulations,
and the LGPD.

5.1 DeepSeek-V2’s Consistent Superiority

DeepSeek-V2 consistently outperformed its peers across all five ISO
attributes. Qualitative analysis of the generated tests suggests that
its advantage stems from three factors: (1) systematic coverage of

every sub-characteristic listed in the prompt, rather than selecting
a subset; (2) inclusion of quantitative thresholds (e.g., maximum
acceptable latency in milliseconds, minimum frame rate) that con-
vert abstract quality goals into executable oracles; and (3) scenario
diversity that goes beyond happy-path verification to include adver-
sarial and boundary conditions. These characteristics are precisely
those that distinguish a professional test suite from a superficial
one, suggesting that DeepSeek-V2’s pre-training includes a richer
exposure to formal software quality artefacts.
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5.2 Human vs. LLM-as-a-Judge: Agreement and
Divergence (RQ;)

The most consequential finding to emerge from our dual-perspective
evaluation is the rank inversion of DeepSeek-V2. Human asses-
sors placed it first (9.0/10), while the LLM-as-a-Judge ranked it
last (6.9/10). This divergence is not random noise: it traces system-
atically to how each evaluator weights tacit executability versus
explicit specification completeness. Human assessors, familiar with
the VR-Testing prototype, applied implicit domain knowledge to
fill in missing preconditions (e.g., inferring that a profiler would be
needed even if unnamed). The LLM judge, instructed not to infer
information absent from the test text, penalised these same gaps
heavily in Executability and Clarity. This finding replicates the
verbosity-vs-specificity tension documented by Gu et al. [9]: hu-
man evaluators readily accept plausible tests, while rubric-anchored
LLM judges enforce specification completeness.

The two perspectives agree most closely on Security (all four
LLMs received VH Coverage from both) and diverge most on Us-
ability and Compatibility, where DeepSeek’s human-versus-judge
gap is largest. Agreement is also high for Copilot, which ranked
second (human) and first (judge)—suggesting that Copilot’s explicit,
tool-referenced style satisfies both evaluation modes.

These findings have practical implications for automated quality
assurance pipelines. If LLM-as-a-Judge is used as a filter for test
cases before human review, it will favour tests that are explicitly
specified over tests that are comprehensive but assume contextual
knowledge. Practitioners should therefore calibrate the judge rubric
to the expected reader expertise: teams with deep domain knowl-
edge may find human assessments more predictive of actual test
utility, while teams adopting externally generated tests benefit from
the judge’s stricter executability enforcement.

5.3 Prompt Engineering as the Primary Quality
Lever

A cross-model pattern emerged: when the prompt explicitly enu-
merated ISO sub-characteristics (e.g., “confidentiality, integrity, and
non-repudiation” for Security), all LLMs produced higher-coverage
outputs than when left to interpret the parent attribute alone. This
aligns with findings from Zhang et al. [18] and Almonte et al. [1],
who reported that formal specification anchoring significantly im-
proves LLM output quality. Practitioners should therefore include
the full sub-characteristic list from ISO/IEC 25010 in the prompt
rather than relying on the model’s implicit understanding of the
parent attribute.

5.4 Security, LGPD, and Regulatory Context

Security received the highest weight (25%) in our scorecard because
VR metaverse systems collect and process user identity, biometric
movement data, and social interaction logs—all regulated under
the LGPD. The gap between Copilot (VH Novelty in Security) and
ChatGPT/Gemini highlights a practical concern: two out of four
evaluated LLMs produced security tests that did not address au-
thentication or integrity validation, which are minimum LGPD
compliance requirements. Teams adopting LLM-generated secu-
rity test cases should therefore complement them with explicit
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prompts referencing the applicable regulatory framework, as Copi-
lot’s LGPD-specific scenarios demonstrate this approach is feasible.

5.5 Comparison with RL-Based Approaches

RL-based test automation (Lima et al. [12]; Cardoso et al. [4]) of-
fers complementary strengths: RL agents can explore emergent
state-space failures that are not predictable from a static system de-
scription, and can optimise for coverage metrics through interaction.
LLMs, by contrast, generate tests purely from textual descriptions
without system interaction, which limits their ability to discover
integration-level defects. The key practical advantage of LLMs is
speed: generating a full NFR test suite via the five-stage workflow
requires hours, whereas RL approaches require training cycles span-
ning days to weeks. A hybrid strategy—using LLMs for initial NFR
test scaffolding and RL for exploration-based fault discovery.

5.6 Implications for Practice

Based on our findings, we offer four guidelines for practitioners:
(1) Anchor prompts to ISO sub-characteristics: include the full
sub-characteristic list in the prompt rather than the attribute name
alone; (2) Treat Copilot as the primary generator for explicitly speci-
fied tests and DeepSeek-V2 for conceptual breadth: Copilot’s explicit
tool references and structured expected results satisfy both human
and LLM-judge evaluation modes, while DeepSeek-V2’s compre-
hensive scenarios may need specification augmentation before de-
ployment; (3) Use LLM-as-a-Judge as a completeness filter: applying
a rubric-anchored LLM judge (our custom skill vr-testing-judge
Claude Sonnet 4.6 in our setting) before human review flags un-
derspecified preconditions and undefined measurement procedures
that human assessors with domain familiarity tend to overlook;
(4)Calibrate the judge to team context: when domain experts will
execute the tests, human scores are more predictive of practical
utility; when tests will be shared with external teams or integrated
into automated pipelines, the LLM judge’s stricter executability
criterion is the better quality gate.

6 Threats to Validity

Following, we discuss potential threats.

Internal validity. The qualitative ordinal evaluation introduces
assessor subjectivity, particularly for Clarity and Novelty. We mit-
igated this through a two-assessor independent evaluation with
consensus resolution, but a single VR domain may have introduced
shared assumptions. Prompt template formulation directly influ-
ences LLM outputs; minor phrasing variations may yield different
results. LLM temperature settings and session context—while con-
trolled by using fresh sessions—were not explicitly documented,
which limits exact replication. The LLM-as-a-Judge is itself a lan-
guage model and may exhibit position, verbosity, or self-enhancement
biases [9]; we mitigated this through single-turn rubric prompting
and by prohibiting the judge from inferring information absent
from the test text, but residual bias cannot be excluded.

External validity. The study targets a single educational VR meta-
verse [8]. Results may not generalise to commercial VR platforms,
non-metaverse interactive systems, or domains where the five se-
lected ISO attributes have different relative importance. Replication
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with additional systems and domains is needed to establish broader
validity.

Construct validity. The ordinal-to-numeric mapping assumes
equal intervals between levels, which is an approximation. The
attribute weights in Table 2 were assigned based on domain judge-
ment (LGPD priority for Security) rather than formal elicitation
from multiple stakeholders; different weight configurations would
alter the composite ranking, though DeepSeek-V2’s margin is large
enough to remain first under reasonable weight perturbations.
Conclusion validity. The set of test cases generated per attribute
is limited in size. LLMs are continuously updated; model versions
evaluated here may produce different results in future releases. The
manual execution phase does not constitute a statistically powered
defect-detection study and should be treated as a qualitative pilot
observation rather than definitive evidence of production readiness.

7 Conclusion

This paper presented an empirical evaluation of four state-of-the-art
LLMs—DeepSeek-V2, Copilot, ChatGPT, and Gemini 2.5 Flash—as
ATCG for ISO/IEC 25010 NFR in a VR metaverse environment.
We proposed a reusable five-stage ATCG workflow and a dual-
perspective weighted quality scorecard combining human assessor
ratings with LLM-as-a-Judge evaluation.

Addressing RQy, all four models demonstrated that LLM-based
NEFR test generation is viable when prompts are anchored to ex-
plicit ISO sub-characteristics. Addressing RQ,, reveals a systematic
divergence: human assessors applied tacit domain knowledge to
accept conceptually rich but underspecified tests, while the rubric-
anchored judge penalised missing preconditions, tool configura-
tions, and participant counts. This finding confirms that evaluation
perspective is a first-class variable in LLM-based ATCG studies and
should be explicitly reported alongside test quality scores.

Future work should: (i) replicate the workflow across additional
domains and VR systems to establish external validity; (ii) formalise
assessor protocols with inter-rater reliability measurement (Co-
hen’s «); (iii) explore hybrid LLM+RL pipelines combining prompt-
driven test scaffolding with exploration-based fault discovery; (iv) de-
velop automated execution frameworks that bridge LLM-generated
test specifications and runnable test scripts; and (v) investigate
prompt augmentation strategies that improve DeepSeek-V2’s exe-
cutability specification without sacrificing its conceptual breadth.

Artifact Availability

The dataset of generated test cases, evaluation rubrics, and scoring
spreadsheets supporting this study is available at: https://github.
com/crescenciolima/VR-Testing.
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