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ABSTRACT
Exploratory testing uncovers latent defects, but the design of Ex-
ploratory Test Cases (ETC) is largely manual, incurring high costs,
reliance on expert knowledge, and limited reproducibility. We pro-
pose IGEX, a fully automated approach to generate ETCs using
Large Language Models. IGEX models test generation as a struc-
tured chain of prompts, leveraging Chain of Thought reasoning and
learning in context. To ensure quality, a Reflective Evaluator scores
ETCs according to expert criteria, triggering refinements as needed.
In line with Whittaker’s hybrid ETC definition, our method com-
bines structured scripting with tester-driven exploratory detours,
enabling automation. In experiments with 300 Android test sce-
narios, IGEX achieved 97.67% accuracy before reflection and 100%
after iterative evaluation. Although dataset-agnostic and extensible,
current validation is limited to mobile applications. Furthermore,
IGEX inherits the challenges of LLM, including evaluation sub-
jectivity and computational costs. These results demonstrate the
potential of LLM for scalable exploratory testing with reduced
manual overhead.

KEYWORDS
Exploratory Test Cases, Large Language Models, Prompt Chaining,
Automated Test Generation, Test Automation, Reflective Evaluation
Mechanism.

1 Introduction
Ensuring software reliability requires rigorous testing. Industry
reports indicate that up to 50% of software development resources
are dedicated to testing and validation activities [11–13], making
test design a central concern in modern development pipelines.
While traditional testing often relies on scripted test cases [1], de-
fined sequences of actions and expected outcomes [7], this rigidity
can overlook unexpected behaviors and real-world usage patterns
[9, 14, 25].

Exploratory testing addresses these limitations by allowing testers
to interact dynamically with the software, discovering edge cases

and defects through investigation rather than predefined steps. It
emphasizes simultaneous learning, test design, and execution [6],
and is particularly valuable in identifying failures that scripted
testing may miss [5, 14]. However, exploratory testing remains
a predominantly manual, labor-intensive process [16], requiring
substantial tester expertise and offering limited repeatability [8].

The creation of Exploratory Test Cases (ETCs) often lacks struc-
ture, is time-consuming, and is difficult to scale, particularly in the
context of increasingly complex systems and continuous develop-
ment pipelines [19]. Manual ETC formulation also tends to result
in low traceability, complicating documentation and reducing the
reliability of regression efforts.

To address these limitations and augment the application of ex-
ploratory testing, automation of test generation, not test execution,
emerges as a promising avenue. By automating the generation of
ETCs from general scenario descriptions, it becomes possible to
systematically and consistently incorporate exploratory testing into
broader validation workflows, even in contexts where experienced
testers may be scarce.

In this paper, we present IGEX, a novel method that leverages
Large LanguageModels (LLMs) [28] to automatically generate ETCs
from high-level test descriptions. Unlike previous approaches that
depend on extensive example data or domain-specific knowledge
structures, IGEX operates through a structured prompt chaining
mechanism that decomposes the generation process into manage-
able, logically connected steps. The method integrates Chain of
Thought prompting [24] and In-Context Learning (ICL) [26] to
guide the model’s reasoning and outputs, progressively refining
general prompts into detailed, structured exploratory test scripts.

A distinguishing feature of IGEX is the inclusion of a Reflec-
tive Evaluator, which assesses the generated ETCs against expert-
defined exploratory criteria. If the test case does not meet these
criteria, the evaluator triggers iterative refinement cycles, progres-
sively adjusting the prompts until a valid ETC is produced. This
mechanism ensures not only the syntactic coherence but also the
semantic alignment of the generated test cases with established
exploratory testing principles.
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The goal of this study is twofold: (1) to demonstrate that LLMs
can autonomously generate structured and diverse ETCs from high-
level descriptions, and (2) to evaluate how prompt chaining and
reflective evaluation contribute to the effectiveness and quality of
generated ETCs.

Our contributions are: 1. A modular architecture for LLM-driven
ETC generation using structured prompt chains. 2. A reflective evalu-
ation mechanism based on expert-informed criteria to validate test
case quality. 3. item An empirical study on 300 Android exploratory
testing scenarios, including an ablation analysis of IGEX components.
4. Practical insights on the reproducibility, adaptability, and quality
assurance of LLM-generated ETCs.

2 Background and Related Work
This section aims to provide an understanding of the fundamental
concept and crucial context for this study. It delves into the defini-
tion and concepts of ETCs in Section 2.1. We also present previous
work related to automated generation of ETCs and positioning of
IGEX in the literature in Sections 2.2 and 2.3, respectively.

2.1 Exploratory Testing Concepts and
Definitions

Exploratory Test Cases are a central concept in testing strategies
that prioritize adaptability and learning during the testing process.
However, their definition in the literature is broad and sometimes
ambiguous [15]. James Bach [6] describes exploratory testing as
“simultaneous learning, test design, and execution,” emphasizing its
informal and intuitive nature. Tinkham and Kaner [23] expand on
this by defining ETCs as tests in which the tester “actively controls
the process, designing new tests while executing existing ones and
using information obtained during the process to improve them.”

Jonathan Bach [5] views ETC primarily as a strategy for defect
detection, noting that the goal is to adjust the testing process in
real time to focus on areas of high risk and uncertainty. This im-
plies a highly dynamic and heuristic-driven testing process. Fredrik
Asplund [4] also characterizes ETCs as test artifacts deeply inter-
twined with human judgment, tester expertise and domain famil-
iarity, usually non-repeatable, and rarely formally documented.

In contrast, Whittaker [25] proposes a more structured inter-
pretation, suggesting that exploratory testing case occurs when
formal scripts are used as a flexible baseline. In this view, testers
begin with a predefined goal but are encouraged to deviate based
on system feedback, exploring alternative paths and unexpected
scenarios. Whittaker argues that scripts can support exploration
by providing a frame of reference, while exploratory behavior in-
troduces variation and depth. This hybrid perspective allows for
both repeatability and adaptability, an ideal balance for automated
approaches using LLMs.

Igor Ernesto [8] adopts an approach similar toWhittaker’s, defin-
ing exploratory testing as a process in which learning, design, and
execution occur simultaneously. However, to max- imize its ef-
fectiveness, the author suggests that following structured guide-
lines can facilitate the success of the testing process. According to
Ernesto, the effectiveness of exploratory testing largely depends
on the knowledge and experience of the software engineer, and

the adoption of structured activities can help optimize this process,
ensuring a balance between flexibility and direction.

For the purposes of this study, we adoptWhittaker’s model as the
guiding definition. It enables the combination of scripted scaffolding
with creative exploration, aligning well with IGEX’s use of prompt-
driven generation and reflective refinement. Moreover, it allows
the test case to remain traceable and structured, while promoting
the tester’s (or model’s) autonomy to explore dynamically.

2.2 Automated Exploratory Test Case
Generation

Despite its importance, the automation of ETC generation remains
underexplored due to the inherent subjectivity of the process [2].
Traditional approaches, such as the statistical randomization by
Sternerson and Firoozfam [21], and the Petri netmodeling inMISTA [27],
attempt to structure exploratory testing through formal modeling.
These techniques can be effective in safety-critical or deterministic
environments, but require significant domain-specific effort and
lack flexibility.

In 2016, Makondo et al. [17] introduced the use of multilayer
perceptron neural networks to predict software behavior and act as
oracles for exploratory tests. However, this approach is limited by
the generalizability of the trainedmodel and the need for large-scale
labeled data. Later, Nishi and Shibasaki [18] leveraged Word2Vec
embeddings to suggest semantically diverse test scenarios, encour-
aging exploration based on linguistic variation. While innovative,
this method is highly dependent on the training corpus quality.

Recent advances in natural language processing have inspired
the use of Large Language Models for script test generation. Sami
et al. [20] proposed a tool that transforms natural language require-
ments into test scripts. While not focused on ETCs, their work
shows that LLMs can effectively translate informal specifications
into structured outputs, reducing manual effort.

The first study to utilize LLMs for generating ETCs was pub-
lished in April 2024. Su et al. [22] introduced an ap- proach that
combines Large Language Models with Knowl- edge Graphs to
enhance exploratory testing. It represents a significant advance-
ment in the automation of exploratory testing by employing Large
Language Models to construct a system knowledge graph. This
graph is derived from failure reports and aims to capture usage
patterns and common errors to support the automated generation
of ex- ploratory test scenarios.

(1) Fragile report interpretation: The approach relies on segment-
ing failure reports into structured elements (e.g., Steps to Reproduce,
Expected and Observed Behaviors), but struggles with complex sen-
tences and contextual dependencies. Errors during this process can
distort event sequences and compromise test scenario validity.

(2) Dependence on example data: The effectiveness of the method
is heavily tied to the availability of well-structured and diverse
historical failure reports. In domains with sparse or poorly doc-
umented failures, the approach lacks the contextual grounding
necessary for effective test generation.

(3) Limited generative flexibility: By focusing on recombining pre-
existing report segments, the method is constrained in its ability
to generate novel or diverse exploratory scenarios, particularly in
systems with complex or emergent behaviors.
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2.3 Positioning IGEX
IGEX builds on these insights but eliminates the dependency on
structured datasets or prior reports. Instead, it uses a modular
prompt chain to guide LLM reasoning from scratch, integrating in-
termediate scaffolding (scripted planning, deviation generation, risk
analysis) with iterative feedback via a Reflective Evaluator. Unlike
Su et al.’s approach, IGEX is data-agnostic and capable of producing
ETCs from minimal initial input, enabling greater flexibility and
domain independence.

Moreover, by adopting Whittaker’s hybrid model and opera-
tionalizing it into prompt-based reasoning criteria, IGEX ensures
that generated ETCs are not only syntactically coherent but seman-
tically aligned with exploratory testing principles. This balance of
structure and creativity is what differentiates IGEX in the landscape
of automated test generation.

Table 1 summarizes the main differences between IGEX and
previous approaches.

3 Methodology
Although Su et al. [22] introduced LLMs for ETC generation, their
approach relies on structured data and has limited scenario diver-
sity. To address these issues, we propose IGEX, a fully LLM-based
method that requires no preprocessing or knowledge graphs. IGEX
uses prompt chaining, chain-of-thought, and iterative reflection
to generate ETCs from general descriptions, following six steps:
(1) Scenario Refinement, (2) Initial Script Generation, (3) User Action
Generation, (4) Critical Point Identification, (5) ETC Integration, and
(6) Reflective Evaluation. Outputs failing quality criteria are refined
iteratively. Sections 3.1 and 3.2 detail the prompt structure and
evaluation. Full prompt and questionnaire examples are omitted
due to space but available upon request.

3.1 Structured Prompt Chain
The process begins with the refinement of the initial scenario. Given
a general intent such as "Validate the Start button in themainmenu",
the model is prompted to reinterpret the description by introducing
specific details, such as component hierarchies, expected behav-
iors, and relevant context. In this step, the model is guided using
In-Context Learning, where examples of scenario refinement are
embedded directly in the prompt to anchor the model’s reasoning
and reduce ambiguity [10]. An example of such a prompt is: “Here is
a general description of a scenario. Create a more specific scenario that
includes interaction constraints and expected behavior.” By providing
concrete examples in the same prompt, ICL allows the model to
infer patterns and expectations even without fine-tuning.

Once the refined scenario is obtained, IGEX starts generating
a structured test script. This phase builds a test case step by step,
asking the model to simulate the tester’s mental model in pursuit
of the test objective. Again, ICL is applied, embedding a formatted
exemplar test case directly into the prompt, ensuring that the out-
put follows the desired model. Additionally, the Chain of Thought
technique is employed to enforce structured reasoning: the model
explains each test step before presenting it, improving traceability
and internal consistency. For example, the prompt might instruct:

“Write an Android test case for the refined objective. Start by explain-
ing the logic behind each test step, and then format the output using
the standard test case template.”

The third stage involves the creation of exploratory user actions.
The model is instructed to inject deviations and boundary con-
ditions that simulate real user exploration. The prompt provides
specific rules and, through ICL, includes curated examples of cre-
ative exploratory actions to guide the model in producing varied
and contextually relevant deviations. For instance, the prompt may
state: “List atomic actions that could trigger unexpected behavior
during test execution. Each should be unique, context-relevant, and
framed as a single user action (e.g., ‘long-press the back button’).
Avoid generic actions.”

Using the output of the second prompt as input, IGEX performs
the critical point identification step, the objective of which is to
locate areas within the test flow that are most likely to fail, con-
sidering factors such as high complexity, ambiguous interactions
or specific conditions that may not be adequately met. This step is
essential to enhance the exploratory testing experience, allowing
the model to anticipate potential system vulnerabilities and direct
the generation of ETCs in a more strategic and effective manner.
By identifying these areas of greatest risk, IGEX enables the explo-
ration of plans that are most susceptible to failure, ensuring that
the generated tests not only follow a structured script, but also
cover the most sensitive points of the application. This analysis is
performed using a prompt such as: "From the generated test case,
identify the step that is most susceptible to errors or failures. Justify
your selection based on the complexity of the interface or feedback
mechanisms."

With all the parts generated, the structured test case, the ex-
ploratory variations, and the identification of critical points, IGEX
moves on to the integration phase, where these components are
consolidated into a complete and coherent ETC. In this step, the
final integration prompt guides the model to combine the different
outputs, ensuring cohesion and alignment with the established for-
mat. To reinforce the consistency of the result, the prompt defines
a template to be followed: “Combine the structured Android test case,
the user variations, and the identified critical step into a single ETC.
Format using the defined schema.”

3.2 Reflexive Evaluation
The final stage of IGEX is the Reflexive Evaluation, which ensures
that the generated ETC aligns with established exploratory testing
principles. This component is fully automated and implemented
through a structured prompt that instructs the LLM to classify the
test case as “Exploratory” or “Non-Exploratory,” providing a detailed
justification for its decision. To address previous limitations of
similar approaches, the Reflexive Evaluator in IGEX was designed
as a transparent mechanism, applying a structured checklist of
criteria derived from empirical research and expert practice.

These criteria were consolidated through a questionnaire de-
veloped specifically for this study, which was grounded in both
an extensive review of the literature and the practical experience
of testers. The questionnaire was applied to three senior software
testers, comprising eleven open-ended questions that explored es-
sential aspects of ETCs. These included key characteristics that
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Table 1: Comparison of Automated Exploratory Test Generation Approaches

Approach Automation Scope Methodology Structured Data Needed Flexibility Iterative Refinement

Sternerson & Firoozfam [21] ETC Statistical Randomization No Low No
Xu (MISTA) [27] ETC Petri Net Modeling Yes Low No
Makondo et al. [17] Test Oracle Neural Network Prediction Yes Medium No
Nishi & Shibasaki [18] Test Suggestion Semantic Embeddings Yes Medium No
Sami et al. [20] General Test Cases LLM Generation No Medium No
Su et al. [22] ETC KG + LLM Recombination Yes Low No
IGEX (ours) ETC Generative Prompt Chaining No High Yes

Figure 1: Complete Chain Structure. Each block is a prompt input to the model, each output is forwarded to create a new
prompt. Although Steps 3 and 4 appear parallel, they are executed sequentially, as described in Section 3.1

define ETCs, common formulation errors, and best practices for
structuring effective cases. An example of such a question is: "Be-
sides being exploratory, what are the characteristics that an ETC
should have?" The structure and content of the questionnaire were
strongly influenced by the guidelines proposed by Costa et al. [8],
which investigated the features that define an ETC and how it can be
categorized as effective. However, unlike Costa et al.’s work, which
provided valuable theoretical guidelines but lacked direct empirical
data from testers, our approach aimed to consolidate evaluation
criteria through firsthand insights from experienced practitioners.

From the qualitative analysis of the testers’ responses, we ex-
tracted a set of key attributes that form the basis of the Reflective
Evaluator. These include the presence of purposeful deviations or
unscripted steps, the tester’s autonomy to adapt actions based on
system feedback, the encouragement of exploring alternative paths
within or beyond the primary scenario, and the prioritization of
critical areas that maximize defect detection and coverage. The eval-
uator simulates an expert assessment by prompting the model with
reflective questions framed explicitly around these attributes. For
example, the model is instructed to analyze whether the test case
includes deviations from the standard flow, whether it invites the
tester to react dynamically to the system’s behavior, and whether
the test steps demonstrate flexibility and judgment rather than rigid
adherence to a pre-defined sequence.

To ensure consistency and minimize ambiguity in the classi-
fication, the prompt applies the In-Context Learning technique,
incorporating carefully selected examples of exploratory and non-
exploratory test cases. This approach allows the LLM to compare the

generated ETCwith established standards of testing practices, align-
ing its reasoning with the quality expectations established by the
experts. If the evaluator classifies the test case as non-exploratory,
IGEX automatically restarts the chain of prompts, starting from
Prompt 7, and integrating the evaluation feedback into the refine-
ment process. This review cycle is iterative and can be repeated as
many times as necessary until an ETC is positively evaluated.

Throughout this process, no human intervention occurs after the
initial definition of the criteria and prompt templates, ensuring a
fully automated, scalable, and replicable evaluation cycle. While the
evaluator is grounded in expert-informed guidelines, we recognize
that it inherits limitations from the model’s subjectivity and the
dependency on the quality of the prompts and examples provided.

3.3 Experimental Setup
To ensure consistency and representativeness, we used a dataset
of 300 general test scenarios extracted from an industrial Android
Charter. These scenarios reflect commonmobile interface validation
goals andwere provided by a partner company under confidentiality
agreement. All tests were conducted using the same dataset across
configurations, ensuring comparability.

ETCs were generated using the LLaMA 3.1 8B INSTRUCT model
[3], selected for its strong performance, open availability, and abil-
ity to run securely in local environments, an essential requirement
given the confidentiality of the test data. This was necessary to pre-
serve data privacy, making cloud-based models unfeasible. The gen-
eration process employed fixed parameters (temperature = 0.4–0.6,
top-p = 0.85), without fine-tuning.
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Following the approach of Su et al. [22], we define accuracy as
the percentage of input scenarios that result in ETCs classified as
“exploratory” by the Reflective Evaluator. Unlike binary pass/fail
assessments, this metric captures alignment with exploratory test-
ing principles as defined by our expert-informed criteria. Thus, a
test is only considered accurate if it fully meets the this standard.

4 Results
This section presents the empirical results obtained from evaluat-
ing IGEX over a curated dataset of real-world test scenarios. The
experiments aim to assess the effectiveness of IGEX in generating
valid ETCs and to measure the individual contribution of each com-
ponent in the methodology. The evaluation includes an ablation
study and an analysis of the iterative behavior of the Reflective
Evaluator.

4.1 Performance and Ablation Results
The complete IGEX, prior to reflective refinement, achieved 97.67%
accuracy. This demonstrates that the prompt chaining architec-
ture, combined with Chain of Thought and In-Context Learning, is
already capable of generating highly compliant ETCs.

To understand the impact of each IGEX component, we per-
formed a controlled ablation study with seven configurations:

(1) Complete algorithm without reflection: evaluates the
impact of omitting reflective validation.

(2) Single Prompt Generation: tests whether a monolithic
prompt can substitute the prompt chain.

(3) No Scenario Refinement: skips the detailing of the initial
user input.

(4) No Scripted Test Generation: removes intermediate scaf-
folding before user actions.

(5) No User Action Generation: excludes deviations and ex-
ploratory inputs.

(6) No Critical Point Identification: omits risk analysis of
vulnerable interface points.

(7) No In-Context Learning and Chain of Thought: retains
the prompt chain but disables prompting strategies.

These variations aim to isolate the role of each element and to
evaluate how each contributes to the structural, contextual, and
exploratory richness of the generated ETCs. The results allow us
to understand not only which components improve accuracy, but
also what characteristics are lost when they are absent.

The results are shown in Figure 2. The most significant degrada-
tion occurred when the prompt chain was removed and replaced
with a single generation prompt, reducing accuracy to 25.67%. This
indicates that modular structuring is critical for maintaining coher-
ence and exploratory depth.

Eliminating the Scripted Test Generation stage also reduced
performance substantially (79.33%), highlighting the role of inter-
mediate structure in organizing test logic. Similarly, omitting the
User Action Generation and Critical Point Identification stages led
to accuracies of 76.33% and 57.67%, respectively, demonstrating that
these components are essential for achieving diversity and strategic
depth in ETCs.

Interestingly, removing Scenario Refinement had minimal im-
pact (96.00%), likely due to the model’s ability to infer contextual

detail in subsequent prompts. Finally, when both ICL and Chain
of Thought were excluded, accuracy dropped to 65.00%, indicat-
ing that advanced reasoning techniques substantially improve test
consistency and logical flow.

Figure 2: Accuracy of IGEX across different ablation configu-
rations.

The obtained results highlight that each component of the ap-
proach significantly contributes to the generation of ETCs, with
only scenario specification having a small contribution overall. The
degradation in performance across different con- figurations re-
inforces the essential role of a structured and iterative process in
exploratory test generation. The main conclusions drawn are: (1)
The Prompt Chain is indispens- able, since without it, the generated
tests are superficial and inconsistent. (2) The Scripted Test Case is
essential, since It acts as an organizing foundation, preventing the
generation of disconnected tests. (3) Critical Point Identification
and User Actions are crucial, since they ensure diversity and depth
in exploration. (4) Advanced Techniques Improve Quality, since
Chain of Thought and In-Context Learning enhance the coherence
and accuracy of ETCs.

The findings reinforce that the proposed approach maxi- mizes
the effectiveness of automated ETC generation, making it a ro-
bust alternative for exploratory test automation. The integration
of advanced prompt engineering techniques enables a scalable and
efficient model, with a high capacity to adapt to different software
validation contexts.

4.2 Reflective Iterations Analysis
We also analyzed the impact of the reflective feedback loop on
test quality. Although the final IGEX configuration achieved 100%
accuracy after iterative refinement, six ETCs initially failed to meet
the exploratory criteria. The Reflective Evaluator triggered regener-
ation cycles until each test passed, with most corrections occurring
within four iterations. However, two specific cases required up to
seven and eight iterations, respectively.
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Figure 3: Convergence of ETCs under reflective iteration.

This pattern indicates that while many failures can be resolved
with minor adjustments, others require deeper reformulation. Al-
though the iterative process ensures high quality, it introduces com-
putational cost and variability in convergence speed. A detailed
iteration curve is presented in Figure 3, illustrating the gradual
increase in accuracy over successive cycles.

5 Discussion
The results highlight the robustness of IGEX in generating valid
ETCs from high-level descriptions. Beyond performance metrics,
these outcomes inform broader considerations about methodology,
the role of LLMs, and directions for future automation.

A key strength of IGEX lies not only in leveraging LLM capabili-
ties, but in its structured architectural design. The modular prompt
chain, combined with techniques such as In-Context Learning and
Chain of Thought prompting, enables the model to simulate reason-
ing processes similar to those of human testers, transforming it from
a general-purpose generator into a task-specific agent. Although
the LLaMA 3.1 model lacks explicit training in software testing,
its general-purpose corpus captures sufficient latent knowledge to
approximate tester reasoning when properly guided. Nonetheless,
this competence remains functional rather than conceptual.

The Reflective Evaluator is central to embedding exploratory
testing principles into the generation loop, providing a mechanism
to assess and iteratively refine ETCs based on explicit criteria. How-
ever, this process simulates expert reasoning and does not replace
human judgment. By shifting exploratory test design from a task
requiring senior expertise to an automated process accessible to
novice testers, IGEX broadens the potential for integrating ex-
ploratory testing into diverse development contexts. However, the
’accuracy’ metric reflects alignment with exploratory criteria, not
fault detection capability, indicating the need for further validation.

Threats to Validity. As with any generative model evaluation,
our study faces several limitations: - Internal Validity: Potential
variability in classification due to reliance on prompt-based reason-
ing. - Construct Validity: Subjectivity in defining exploratory test
quality. - External Validity: Evaluation limited to mobile scenarios. -
Conclusion Validity: Final accuracy must be cautiously interpreted
as classification success, not empirical efficacy.

Reflexive Evaluator Accuracy Assessment. To further as-
sess the reliability of the Reflective Evaluator, we conducted an
additional validation test. From all of the seven experimental con-
figurations in our ablation study, we randomly selected 100 ETCs
and their respective evaluations, resulting in a total of 50 positive
evaluations (classified as exploratory) and 50 negative evaluations
(classified as non-exploratory). This yielded a set of 100 cases in-
dependently re-assessed to verify the accuracy of the automatic
classification.

The manual review showed that 85 of the 100 evaluations were
correctly classified by the Reflective Evaluator, while 15 were mis-
classified. Among the 50 cases automatically classified as exploratory,
43 were validated as correct (86%), with 7 identified as incorrect
(14%). Similarly, among the 50 cases classified as non-exploratory,
42 were confirmed as correct (84%) and 8 were misclassified (16%).

While an overall accuracy of 85% indicates a promising level of
performance, it also underscores the need for caution when relying
solely on automated evaluations for quality assurance. These find-
ings reinforce the utility of the Reflective Evaluator within IGEX
as a supportive mechanism for iterative refinement, though they do
not eliminate the potential value of incorporating human oversight
or additional contextual reasoning techniques in future work.

6 Conclusion
This paper introduced IGEX, a method that combines structured
prompt chaining and reflective evaluation to automate the genera-
tion of ETCs from general descriptions. Our results show that large
language models, when guided by modular prompts and reflective
feedback, can produce structured test cases aligned with expert-
defined exploratory criteria. While further validation is needed
in practical testing environments, IGEX represents a promising
step toward scalable and consistent exploratory test generation.
Future work includes extending IGEX to other domains, assessing
its defect-finding capabilities, and refining the evaluation process
with human-in-the-loop strategies.
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