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ABSTRACT
Background: Website layouts often change with new design trends
and front-end frameworks. Quality assurance is necessary during
these changes, but manual testing takes much time and money.
Manual tests are the standard way to maintain quality, but they
are slow and expensive. Changes in graphical interfaces can cause
errors or break features, which affects quality. Writing manual tests
is the most time-consuming part of the process. Aims: This paper
presents a tool that uses ChatGPT to create Natural Language Tests
from screenshots and operator instructions. The goal is to reduce
the time spent on manual test creation and to maintain quality in
both the tests and the application.Method: We used two evaluation
methods. First, we conducted a survey with 18 software testing pro-
fessionals and students to compare tests made by ChatGPT and by
humans. Second, we used Natural Language Processing techniques
to measure the similarity between ChatGPT-generated tests and
human-made tests. Results: The qualitative analysis showed that
ChatGPT tests exceed human tests in completeness by a difference
of 5.56%, achieving 36.11% acceptance rate. Human tests exceeded
ChatGPT tests in clarity by 6.95%, reaching 41.67% acceptance rate.
The quantitative analysis found that 66.7% of ChatGPT tests shared
over 50% similarity with human tests. Conclusions: Our tool can
help automate the creation of software tests. The similarity between
AI-generated and human-made tests shows that this approach can
save time and reduce costs, while keeping test quality at an ac-
ceptable level. This framework can help maintain quality during
changes in website layouts and application development.

KEYWORDS
Natural Language Test, Manual Test, Test Case Generation, Soft-
ware Testing, LLMs, ChatGPT

1 Introduction
In every aspect of software, quality should be a requirement. Be-
cause of this, most industrial software development requires at least
some degree of testing. Whether in automated or manual setup,
tests demand time to write and polish. According to the World

Quality Report for 2023-2024 [9], more than 60% of all tests are
not automated, i.e., are manual tests, in more than 80% of the en-
terprises worldwide. According to Fischbach et al., manual tests
require between 40 and 70 percent of the entire effort [21]. In terms
of time-consuming activities, manual testing was ranked first in
Perfecto’s report [5], with 54% of the surveyed selecting it. So, we
can safely say that time is a really valuable resource for the Quality
and Assurance (Q&A) team, specially if most of the tests are manual,
where the step-by-step describes ideally the complete interaction
between the user and the system.

Figure 1: Manual Test Example

An example of a natural language test is shown in Figure 1. In this
test case, the user has to follow specific commands on a sequential
matter, while also verifying the outputs of each command and
satisfying the prerequisites. In an environment where tests are not
priority, the Q&A team must test the software when it is in a ready
to deploy state. Without access to code and in urgent need to test
the application, the test engineer may not always guarantee the
best test case possible.

According to reports [7, 9], enterprise workers perceive writing
down manual tests as the most time-consuming part of the job,
while also indicating a "lack of time to ensure quality". The time-
efficiency problem related to writing automated tests can be solved
by employing techniques that involve automatization (i.e., trans-
forming manual processes in automatic) of all the software testing
life-cycle [16, 18, 22, 44]. However, most of the solutions related to
manual tests try to substitute them for automated tests altogether,
whereas there are times when the manual test is preferred. In this
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context, there is a lack of studies that aim to help the Q&A worker
in optimizing his time.

This paper aims to fill this gap, providing a tool to support the
automatic creation of Manual Tests, using Large Language Models
(LLMs), and then an evaluation of the proposed framework. The
tool works by receiving two inputs:

• The objective of the test
• The screenshot of the system that will be tested

Annexing these inputs to a prompt that mimics the behavior
of a manual tester while creating a natural language test, we can
leverage a natural language test from a generative pre-trained trans-
former (GPT). In this paper, a specific GPT was selected, which was
ChatGPT. After obtaining 12 tests from a sample of websites and
specific objectives, we evaluate the produced tests by comparing
them to human-made tests of the same websites and objectives.

To evaluate both the tool and the tests produced by it, this paper
employs a two-fold empirical study. In Section 3 we first conduct
a survey to answer the research question RQ1:“How do software
testing professionals perceive and evaluate the manual tests created by
ChatGPT while comparing them to human-made tests?” and perform
a qualitative analysis. The survey received answers from 18 testing
professionals, which compared the differences between a human-
made and an LLM-made test, selecting the best one in two particular
scopes: "Completeness" and "Clarity". The respondents found that
the ChatGPT tests are more complete than the human tests by a
difference of 5.56%, while the human tests are written more clearly
by a difference of 6.95%. In section 4 we discuss in a detailed manner
when each technique tends to perform better.

Second, we execute a quantitative analysis by running similar-
ity comparison algorithms between same application tests, utiliz-
ing metrics such as TF-IDF and ROUGE-L. Here we focus on the
research question RQ2:“How do ChatGPT-generated and human-
authored test cases compare in terms of semantic similarity and struc-
tural quality in automated similarity metrics?”. After comparing
the 12 pairs of natural language tests, we found that one third
of the ChatGPT-generated tests shared over 50% similarity with
human-authored tests.

In summary, this paper provides the following contributions:

• A tool to generate manual tests using ChatGPT’s API. (Sec-
tion 3.1);

• A survey with software testing professionals to validate the
tests produced by the tool (Section 3.3);

• A quantitative study to check wether LLM-generated tests
are similar in terms of semantics, structure and wording to
human-made tests (Section 3.4).

A replication package with all results is available at Figshare
[38]. Our tool is available at our companion website [3].

2 Natural Language Tests
In the context of software engineering, the quality of the appli-
cation is vital, as lack of quality can lead to disasters, e.g. rocket
explosions [10], money loss [26], and service outage [11]. These
problems can be mitigated by applying software testing, be it of
any kind. Natural Language Tests, which describe test scenarios
in human-readable formats, serve as a bridge between technical

Figure 2: Test Case from Ubuntu OS

requirements and actual user experiences, making them indispens-
able for validating software functionality from a user’s perspective.
As manual testing techniques are to be understood and executed
by testers with varying levels of technical expertise, they require
in the simplest case only a readable sheet of paper and a working
system. Because of this, manual tests remain critical in the context
of fast-paced, ever-changing software.

Consider the example of a manual test developed by the contrib-
utors to Ubuntu OS [39] seen in Figure 2. The test outlines specific
steps for validating a particular functionality within the Ubuntu
operating system’s graphical user interface in a specific fashion.
The test includes detailed instructions that guide a tester through a
sequence of actions and verification points.

The writing of comprehensive test cases poses a challenge to
quality assurance teams, because testing activities account for 30
to 90 percent of labor expended to produce a working program
[13]. The cost implications of manual test creation extend beyond
theoretical concerns. A comprehensive industry survey by Capgem-
ini [9] revealed that organizations spend an average of 23-35% of
their IT budgets on quality assurance activities, with test case cre-
ation and maintenance representing a substantial portion of this
expenditure. Furthermore, the same study indicated that 44% of
surveyed organizations identified test case creation as a “significant
bottleneck” in their development processes.

In a large software as Ubuntu, writing manual tests are not
priority, as evidenced by the spacing of 3 to 4 days between commits
on the manual testing repository. This time-range can be gathered
by running simple Git [2] commands such as git rev-list --reverse

HEAD and counting the differences between the timestamps. As
writing tests in natural language is very demanding, this may be
one of main causes of this delayed update. But this problem is not
isolated to large software, as the optimization of this process is
studied in many areas such as requirements [21, 40, 41] and test
automatization [17, 22, 27, 29, 42].

Previous works try to alleviate this problem leveraging frame-
works to automatize the creation and execution of tests, by employ-
ing Gherkin [25] or Selenium [15], but while quickening the process,
the operator still needs to spend some time, be it by interacting
with the system or adjusting code.

While manual testing has been extensively studied in prior re-
search [12, 23, 24, 31, 32, 36, 37], existing literature primarily focuses
on test analysis and maintenance rather than test generation. The
majority of previous work addresses natural language test smells —
indicators of structural or content-related deficiencies within test
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specifications — while other studies concentrate on test cataloging
and defect removal. However, none of these investigations tackle
the fundamental challenge of automated manual test production,
representing a significant gap in the current body of knowledge.

On the other hand, the advent of large language models (LLMs)
decrease resource drainage and increase time effectiveness. As test
cases are written in natural language, ChatGPT may pose a viable
solution to this. The resource intensity, i.e., low time-resource usage,
of natural language testing has spurred interest in AI solutions.
Large language models like ChatGPT offer new possibilities for
cost reduction while preserving test quality.

Given ChatGPT’s contextual understanding and text generation
capabilities, we investigate whether AI systems can lower test cre-
ation costs without compromising quality. This exploration could
reshape testing efficiency and resource allocation in quality assur-
ance.

3 Empirical Study
This section presents a study divided into a qualitative analysis,
conducted as an online survey with software testing professionals,
and a quantitative analysis, conducted as a similarity inspection
using different algorithms. Here, we aim to provide data to answer
the following research questions:

• RQ1: “How do software testing professionals perceive
and evaluate the manual tests created by ChatGPT
while comparing them to human-made tests?”

• RQ2: “HowdoChatGPT-generated andhuman-authored
test cases compare in terms of semantic similarity and
structural quality in automated similarity metrics?”

The objective of this study is to evaluate ChatGPT’s capability in
generating manual tests that meet human acceptability standards.
To achieve this goal, we systematically assess the opinions of soft-
ware testing professionals regarding AI-generated tests through a
controlled comparison methodology. Specifically, we present par-
ticipants with side-by-side comparisons of human-created tests
versus LLM-generated tests, ensuring that the professionals remain
unaware of each test’s origin to eliminate potential bias. Through
comprehensive analysis of participant responses to both "Test A"
and "Test B" conditions, combined with detailed examination of
their qualitative comments and feedback, we aim to determine
whether respondents can discern meaningful differences between
human and AI-generated testing materials. This analysis serves
to validate the practical acceptability of ChatGPT’s test creation
capabilities in professional software testing contexts.

3.1 Settings and Data Acquisition
This study begins by selecting a sample of systems that can be
categorized into categories and taking screenshots of those systems.
To facilitate data acquisition and enable reproducibility, all systems
should be widely accessed websites. To increase fairness in analysis
and for the LLM to provide better answers, all websites must also
be in English and provide many features.

To increase the generality of our study, we selected four distinct
categories of systems, all websites: E-commerce, E-mail, Maps, and
Search. For each category, three different websites were chosen,

totaling 12 websites in our evaluation. Those websites were col-
lected from SimilarWeb top websites ranking [8] for each category.
These different categories, while not enforcing full comprehension
of all types of systems, can provide some insights about different
systems. The selected model was GPT-4o, using OpenAI’s API [4].
To select the websites for our study, we prioritized platforms that
are widely recognized for their popularity and credibility. Addition-
ally, we ensured that at least one member of our team had prior
experience using the chosen website, enabling us to confidently val-
idate the test cases presented in subsequent sections. This approach
strengthens the reliability and reproducibility of our results.

3.2 Procedure
For each website, one screenshot was taken. Using these screen-
shots, three different researchers elected objectives for each test,
while trying to simulate the process of natural language test cre-
ation. The list of objectives is available at Listing 1. The objectives
are purposefully simple and easily done by a human. With this deci-
sion, the results are less prone to subjectivity and can be reproduced
more easily by other researchers.

Listing 1: Test Objectives

E-commerce
- Aliexpress: login with Google
- Amazon US: go to the Returns & Orders menu
- Walmart - Search for a Playstation 5

Emails
- Gmail: use the "Compose" button to create a new
email
- Outlook: mark all emails as read
- Yahoo!Mail: archive an email

Maps
- Bing Maps: get directions to UFAL destination
- Google Maps: search for restaurants using the
Restaurants button
- Waze: click on the police icon and see if it works

Search
- Google Search: reverse search using the pale blue
dot image
- Bing Search: search for the pale blue dot image
- Yahoo Search: search for the pale blue dot image
using voice search

These objectives are then passed as input to both ChatGPT-4o
and a testing professional with more than six years of experience
who is not an author of this work. The overview of this procedure is
shown in Figure 3. The researcher’s role is limited to capturing and
defining the test objectives. Both the languagemodel and the human
expert receive the same inputs: the objective and the screenshot.

To reduce bias and improve reproducibility, the prompt leverages
several established patterns from the prompt engineering catalog
[43]: the Personas pattern, sequential instructions (Recipe pattern),
format constraints (Template pattern), and objective-screenshot
alignment (Context Control). The model is explicitly assigned a
role, instructed to follow a sequence of ordered steps, and required
to produce output in a structured table with fixed columns and
optional preconditions. Each response is guided by a clearly defined
objective. The complete prompt is provided in Listing 2. Notably, the
objective must always be updated according to each new screenshot,
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Figure 3: Qualitative Analysis Methodology

ensuring that the objective-screenshot pair remains consistent and
contextually aligned throughout the process.

The prompt intentionally provides only minimal context (the
objective and the screenshot) to establish a conservative, lower-
bound benchmark for LLM performance. This design choice ensures
that any measured effectiveness reflects baseline capabilities, which
could be improved with richer contextual information.

Listing 2: Test Case Prompt Instructions

[SYSTEM ]: You are a specialist in manual natural language
tests. You have to test a specific described

functionality. Follow a professional and clear style
guide. First step is to analyze the picture , then

write the test cases. Each test should have at least
2 steps.

[USER]: Create a manual test case suite with 1 test cases
for the provided screenshot , where the test will

have the single objective: ** OBJECTIVE **. Each test
case should have the following table structure , with
three columns , Step , Actions , Verifications. Also ,

add a title to each table. Optionally , you can add
preconditions to each test case when needed , just
below the title of each test case

In total, we achieved 12 pairs (GPT and Human) of tests. These
tests are also available at our Figshare replication package [38]. It
is important to note that all tests were inspected by the authors
to ensure they were executable; neither ChatGPT nor the human
participants produced commands that were impossible to follow.

To create the tests, we used OpenAI’s API with default settings
(e.g., temperature, top-p) and a standard prompt (Listing 2) paired
with a raw screenshot. No visual grounding or image element tag-
ging was used. For a fair evaluation, we accepted all ChatGPT
outputs without filtering or regenerating low-quality responses.
Since the objectives were simple, the model accurately generated
the tests without any hallucinations. This may not be the case
for more complex interfaces that require multiple steps or actions,
which would require more pictures, i.e., more context.

3.3 Qualitative Analysis - Survey
Using the outputted tests, we created three different surveys, which
had four sections each, one for each category. In a measure to
mitigate the strain bias, after every answer submission these sec-
tions were scrambled using Google Script [1]. Participants for the
survey were recruited through social media and email invitations.

All responses were collected anonymously, and participants were
informed that their data would remain confidential.

3.3.1 Format All surveys’ sections have the same format and struc-
ture - first, we show the screenshot and the objective selected for
this specific test. Second, human and LLM tests are shown side
by side, named Test A and Test B. All human-made tests are la-
beled Test A, while GPT-made tests are labeled Test B. Third, the
participant is asked to answer two different questions:

• Which test covers all necessary functional aspects?
• Which test do you believe provides clearer instructions?

The idea behind those questions is to understand alignment with
objectives, which we shall be called "Completeness" and clarity in
the writing, which we shall be called "Clarity". These concepts will
appear in further subsections.

The surveyed could then select one between Test A, Test B, Neither,
Both Equally. There was also an open text field for comments. Some
social aspects of the respondent were additionally collected, such as
their principal field of occupation, years of experience and location.
Besides, to increase generality, the three surveys were scrambled
using a redirect scramble tool called allocate monster [20], which
after every click on the link would randomly select among the three
available Google Forms.

3.3.2 Results The survey ran during 2 months (January and Feb-
ruary of 2025), collecting 18 answers. To "What is your principal
occupation?", the answers were equally balanced, 50% responded In-
dustry and the rest responded Academy. As per years of experience
with software testing, the surveyed had an average of 3.11 years,
with 27.8% of the respondents with 5 or more years, and 5.6% of
the respondents with less than one year. We had 50% of answers
from Brazil, 44.4% from Italy and 5.6% from Belgium.

Regarding the tests, the condensed answers of the survey is
shown in Table 1, while the detailed results are shown in Table 2,
which separates the answers per application. On Table 2, as only
the Google Maps had a Neither on the "Completeness" aspect, we
suppressed this value due to size limitations.

Table 1: Condensed Answers of Survey

Test - Metric Test A Test B Both Neither

Email - Completeness 9 4 5 -
Email - Clarity 11 3 4 -
Maps - Completeness 5 5 7 1
Maps - Clarity 5 8 5 -
Search - Completeness 3 9 6 -
Search - Clarity 6 7 5 -
Ecommerce - Completeness 5 8 5 -
Ecommerce - Clarity 8 7 3 -

Total Completeness 22 (30.56%) 26 (36.11%) 23 (31.94%) 1 (1.39%)
Total Clarity 30 (41.67%) 25 (34.72%) 17 (23.61%) 0 (0.00%)

TOTAL COMBINED 52 (36.11%) 51 (35.42%) 42 (29.17%) 1 (0.69%)

Observing Table 1, a notable difference appears when the an-
swers are compared by domain of application. For instance, Test A,
i.e. the human-made, is clearly more effective in both clarity and
completeness in the Email domain; Test B, i.e. the LLM-made, is
superior in both on the Search domain. This may be due to the
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increasing level of text present on the screen. The Email domain
is the one that has the most text showed upfront (and mostly dis-
connected sentences), while Search has the least text showed on
screen.

Overall, the human-made tests had the most combined ac-
ceptance rate (36.11%)with prevalence on the clarity aspect, as
shown by Table 1 on the TOTAL COMBINED row. The percentages
on this table are based on the total of answers for each question,
namely 72 answers for Completeness’ question and another 72
answers for Clarity’s question, totalizing 144 answers.

Still, Table 1 may hide critical details that are not available when
the answers are pictured as a domain-level analysis. Table 2 shows
an application-level analysis, which depicts Aliexpress, a case that
will be explored further. It is important to note that the percentages
reported in this table are calculated based on the total number of
responses received for each specific application under evaluation.
For instance, the Amazon application received six total responses,
and since Test A received four positive evaluations in the Com-
pleteness category, this resulted in a 66.67% acceptance rate for that
particular application-metric-test combination.

Upon inspection of Table 2, the primary conclusion is that neither
Test can be considered universally superior. While Test A tends to
provide clearer results (41.67% acceptance rate), Test B tends to be
more complete (36.11%). The best choice is highly dependent on
the specific application domain and which metric is prioritized, be
it Clarity or Completeness. However, the differences in the totals
are relatively small (6.95% for Clarity and 5.56% for Completeness)
and the "Both" column in Completeness shows that nearly a third
of answers found tests to be equally complete.

Regarding Aliexpress on Table 2, we can see the trade-off be-
tween completeness and clarity. While Test A has 0% acceptance
for completeness, it has 60% acceptance for clarity. Conversely, Test
B has 80% acceptance for completeness and 0% for clarity. This
application highlights a direct trade-off between the two metrics,
which suggests that the LLM could finish the task but failed to
present it, while the human functioned on the contrary.

Therefore, the choice between the two approaches is not just a
matter of preference but a strategic decision based on whether the
primary goal is to achieve the objective or have a sound presenta-
tion.

Results from Table 1 show that users rated Test A for clarity
and Test B for completeness. Feedback reveals a story behind these
scores. Test B’s rating in completeness failed to translate into user
preference; users judged its design as "worse" and "fragile to chang-
ing implementations". Test A won on the metric of clarity, and
user comments suggest this resulted from its thoroughness: "very
clear", "too detailed in certain aspects". Participants praised Test
A for being “more detailed" and for avoiding the “risk of being
done incorrectly". Thus, users prioritized the clarity from Test A’s
design, even if it meant Test B scored higher on the isolated metric
of Completeness.

Ultimately, the characteristics praised on Test A are essentially
Completeness features. This suggests that the users perceived the
Clarity metric as one that emerges from the Completeness. There-
fore, this analysis suggests that while Clarity can exist in isolation,
the type of Clarity users prioritize emerges from a foundation of
Completeness.

Table 2: Application-wise Absolute and Relative Results

Completeness Clarity
Application Test A Test B Both Test A Test B Both

Outlook 1 (20%) 2 (40%) 2 (40%) 1 (20%) 1 (20%) 3 (60%)
Gmail 5 (72%) 1 (14%) 1 (14%) 6 (86%) 1 (14%) 0
Yahoo! Mail 3 (50%) 1 (17%) 2 (33%) 4 (66%) 1 (17%) 1 (17%)
Waze 2 (40%) 1 (20%) 2 (40%) 3 (60%) 0 2 (40%)
Google Maps 0 3 (43%) 3 (43%) 0 6 (86%) 1 (14%)
Bing Maps 3 (50%) 1 (17%) 2 (33%) 2 (33%) 2 (33%) 2 (33%)
Yahoo! Search 2 (40%) 2 (40%) 1 (20%) 4 (80%) 0 1 (20%)
Bing Search 0 4 (57%) 3 (43%) 0 4 (57%) 3 (43%)
Google Search 1 (17%) 3 (50%) 2 (33%) 2 (29%) 3 (43%) 1 (17%)
Amazon 4 (66%) 1 (17%) 1 (17%) 3 (50%) 2 (33%) 1 (17%)
Aliexpress 0 4 (80%) 1 (20%) 3 (60%) 0 2 (40%)
Walmart 1 (14%) 3 (43%) 3 (43%) 2 (40%) 5 (72%) 0

TOTAL 22 26 23 30 25 17
TOTAL % 30.55% 36.11% 31.94% 41.67% 34.72% 23.61%

3.4 Quantitative Analysis - Similarity
To conduct the quantitative analysis, this paper utilizes a Streamlit
[6] application to perform a similarity comparison between the two
tests that have the same objective, inspecting correlations between
both their actions and verifications. The approach involves the use
of natural language processing (NLP) techniques to evaluate the
semantic similarity between tests. The script used can be found on
our companion website [3].

3.4.1 Similarity Calculation These approaches are used for simi-
larity comparison:

• Cosine Similarity with TF-IDF: The TF-IDF [35] vector-
izer is used to transform actions and verifications into feature
vectors, calculating the cosine similarity between those from
one test to another, e.g. the distance between Test A’s action
to Test B’s same step action and henceforth.

• Semantic Similarity with BERT: The Sentence-BERT [34]
model ‘paraphrase-MiniLM-L6-v2‘ is applied to understand
the semantic meaning of actions and verifications, calculat-
ing the similarity between the generated embeddings from
one test to another.

• ROUGE-L: The ROUGE-L [28] metric calculates the longest
common subsequence (LCS) between texts to evaluate struc-
tural overlap, combining recall (coverage of reference con-
tent), precision (relevance of generated content), and their
harmonicmean (F1-score). It measures sequential wordmatches
while tolerating minor wording variations, making it robust
for comparing actions/verifications between tests where syn-
tactic fidelity matters more than semantic equivalence.

Although these metrics account for similarities, each approach
has a specific focus and objective in this study, which can be seen
in Table 3. The metrics being combined are capable of expressing a
broad similarity score.

Yet, there are cases where the steps length are not the same,
therefore we use the following algorithm to handle these cases:

• If both values are null, the similarity is considered 1.0 (100%
similar).
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Table 3: Metrics Used

Metric Focus Objective in the Study

TF-IDF Lexical frequency Detection of key terms
BERT Global semantics Validates conceptual equivalence
ROUGE-L Execution order Guarantees logical flow integrity

• If only one value is null, the similarity is 0.0 (0% similar).
• Otherwise, similarity is calculated based on the embeddings
generated by BERT.

The algorithm handles edge cases while maintaining semantic ac-
curacy for content comparisons. For better understanding, there is
a pseudo-code implementation in Listing 3.

Listing 3: Similarity Calculation Algorithm Pseudo-code

function calculateBERTSimilarity(value1 , value2):
if value1 is null and value2 is null:

return 1.0 // 100% similar
else if value1 is null or value2 is null:

return 0.0 // 0% similar
else:

embedding1 = BERT.generateEmbedding(value1)
embedding2 = BERT.generateEmbedding(value2)
similarity = computeSimilarity(embedding1 ,

embedding2)
return similarity

3.4.2 Comparison and Visualization The comparison is performed
row by row between two tests with the same objective, calculat-
ing semantic similarity for each pair of actions and verifications,
while also capturing Rouge-L and TF-IDF metrics. The Streamlit
application offers an interactive interface where the user can:

• Generate an overall similarity comparison between test types
for each named test, visualizing the results in a horizontal
bar chart with gradient colors to indicate similarity intensity.

• Select a specific test for a detailed comparison between two
test types, displaying metrics such as average, minimum,
maximum similarity, and the number of rows compared,
along with the data for each test.

To quantify similarity between rows across test cases, we com-
pute a row score by averaging the similarity values of their com-
ponents. Row-level similarity assessment involves calculating the
mean of action similarity and verification similarity scores, as for-
malized in the pseudo-code presented in Listing 4. The similarity
calculation framework operates according to the methodology:

• Action Similarity: Calculated using BERT (scores ranging
from 0.0 to 1.0)

• Verification Similarity: Calculated using BERT (scores
ranging from 0.0 to 1.0)

• Row Score: Calculated as themean of action and verification
similarities: (Action Similarity + Verification Similarity) / 2

• Test Similarity Score: Row Score / Number of Rows

Listing 4: Test Similarity Calculation Algorithm Pseudo-code

function calculateTestSimilarity(testA , testB):
totalScore = 0
numberOfRows = length(testA)

Figure 4: Average BERT Similarity for Each Test

for i = 0 to numberOfRows - 1:
actions = calculateBERTSimilarity(testA[i].action

, testB[i]. verification)

verifications = calculateBERTSimilarity(testA[i].
verification , testB[i]. verification)

rowScore = (actions + verifications) / 2

totalScore = totalScore + rowScore

testScore = totalScore / numberOfRows
return testScore

This framework demonstrates flexibility and is adapted through-
out the code to different similarity measurement approaches, in-
cluding BERT-based similarity, TF-IDF vectorization, or ROUGE-L
analysis. The design enables evaluation across similarity metrics
while maintaining scoring methodology.

3.4.3 Results The BERT comparison, presented in Figure 4, reveals
the average semantical similarity between test types for each named
test. The horizontal bar chart visualization allows for a quick un-
derstanding of consistency between tests, with less intense colors
indicating higher similarity. The produced graph is shown in Figure
4. This graph is extracted from the "Average Similarity %" column
presented in the Table 5.

We had a total semantical average similarity of 58.11%, minimum
semantical average similarity of 33.86% (Google Search) and maxi-
mum semantical average similarity of 80.20% (Gmail). The Google
Search tests are shown in Figure 7 and the Gmail tests are displayed
on Figure 8.

Table 5 presents a deep analysis about each row score, showing
average, maximum and minimum similarities in percentages and
the overall row score. The "Compared %" column displays the per-
centage of rows that have been compared. Also, the column "Rows
Diff" shows the difference in number of rows. This difference is
calculated subtracting the number of rows present in Test A from
the number of rows present in Test B, namely:

𝑛𝑅𝑜𝑤𝑠𝐵 − 𝑛𝑅𝑜𝑤𝑠𝐴 = 𝑟𝑜𝑤𝑠𝐷𝑖 𝑓 𝑓 (1)
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Table 4: All Similarities Results

Test Name TF-IDF Similarity BERT Similarity ROUGE-L Score Rows Diff

Google Search 0.0871 0.3386 0.1263 1
Bing Search 0.2763 0.5298 0.1703 0
Yahoo Search 0.2579 0.5357 0.2028 -2
Amazon 0.4915 0.6397 0.5503 -5
Walmart 0.3155 0.5573 0.2720 1
Aliexpress 0.1714 0.4484 0.1706 -4
Gmail 0.4533 0.8020 0.5051 -5
Outlook 0.4542 0.7273 0.5536 0
Yahoo 0.3010 0.4768 0.1574 -4
Google Maps 0.3666 0.7631 0.3673 0
Bing Maps 0.1833 0.3847 0.1513 -2
Waze 0.5737 0.7700 0.4298 -1

TOTAL AVERAGE 0.3277 0.5811 0.3047 -2

Figure 5: All Similarities Stacked

Figure 6: Rouge-L Scores by Test

Therefore, if Test B has more rows, the number is greater than zero.
If the number is lower than zero, than Test A has more rows. It
equals to zero if the number of rows between both tests is equal.

Furthermore, the results obtained from Rouge-L are presented at
Figure 6. Still, the evaluation with all methods is available at Table
4. In this table we can see that the similarity score pattern is almost
exactly followed by each method, i.e, the more similar one is on
TF-IDF, more it will be on BERT and ROUGE-L. This is evident in
Figure 5, which stacks each similarity metric, presenting a visual
comparison of each score.

Figure 7: Google Search Tests - "reverse search using the pale
blue dot image"

Figure 8: Gmail Tests - "use the "Compose" button to create a
new email"

Table 5: Row BERT-Similarities Between Test A and B

Applications Average Similarity % Minimum Similarity % Maximum Similarity % Compared % Rows Diff

Google Search 33,86 25,92 46,82 83,33 1
Bing Search 52,98 44,84 63,12 100,00 0
Yahoo Search 53,57 42,68 81,94 66,67 -2
Amazon 63,97 62,92 65,03 28,57 -5
Walmart 55,73 29,21 75,49 80,00 1
Aliexpress 44,84 34,44 55,89 50,00 -4
Gmail 80,20 80,11 80,29 28,57 -5
Outlook 72,73 70,99 74,47 100,00 0
Yahoo Mail 47,68 37,06 58,30 33,33 -4
Google Maps 76,31 63,82 87,00 100,00 0
Bing Maps 38,47 24,22 69,81 66,67 -2
Waze 77,00 76,91 77,09 66,67 -1

TOTAL AVERAGE 58,11 % 49,43 % 69,60 % 66,98 % -2

4 Discussion
This section presents a discussion about the study, conducted as
an online survey with software testing professionals. Here we aim
to answer both research questions while generating insights from
both analysis.

4.1 About the Qualitative Analysis
Analysis of the results in Table 2 reveals that human-authored
tests (30.55%) were perceived as less complete than those
generated by ChatGPT (36.11%). This outcome can likely be
attributed to the nature of LLMs, which are optimized to follow
instructions and fulfill defined objectives with precision. Conse-
quently, LLMs appear to adhere more strictly to initial objectives
than human authors. This suggests a significant practical benefit
for early-stage test creation; using an LLM to generate a test suite
from scratch could accelerate the process by providing a strong
initial scaffold that is closely aligned with project requirements.

On the Clarity field, the humans’ tests (41.67%) are consid-
ered clearer than ChatGPT’s tests (31.94%). An explanation for
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this is rooted in how LLMs generate text. While they can be direct,
their probabilistic, next-word-prediction process can sometimes fail
to maintain a coherent chain-of-thought from a human perspective.
This can result in phrasing that introduces subtle confusion for the
person executing the test, thus reducing perceived clarity.

Furthermore, the high agreement in the "Both" column for Com-
pleteness suggests that the distinction between the two tests was
not critical, and both produced complete tests. This indicates that
the practical differences in Completeness may be less impact-
ful than the differences in Clarity.

Moreover, the difference between Test A and Test B in the Clarity
field is more pronounced than the difference on the Completeness
field (6.95 > 5.56). This is evidence of how much clearer the in-
structions provided by the humans are when compared with the
ones provided by ChatGPT.

Figure 9 illustrates an analogy for this behavior pattern. Con-
sider navigating from point A to point B. In our visual experiment,
human problem-solving resembles a direct straight-forward effi-
cient path but often terminates in proximity to the target without
precisely reaching it (Human -> nearB). In contrast, ChatGPT’s ap-
proach follows a more sinuous route, exploring intermediate points
and making adjustments along the way, but ultimately converges
exactly at the intended destination (ChatGPT -> B).

This configuration may have some outcomes that can enhance
the process of creation of natural language tests. We can leverage
the completeness of LLMs and the clarity of humans. The usage of
ChatGPT as a scaffold to writing objective-aligned, while providing
acceleration to the creation, may leave the Q&A team confused
with the unclear instructions. Therefore, a mix between ChatGPT
and humans should be more accepted in the generation of manual
tests, with the human re-writing or changing the wording of the
generated test, to adequate it to a better text flow.

Answer to RQ1. The online survey results indicate that software
testing professionals tend to perceive ChatGPT-generated tests as
more complete, while human-authored tests are viewed as clearer.

4.2 About the Quantitative Analysis
Our analysis draws primarily from Figure 4 and Table 5, which
present key metrics on test similarities.

The Gmail case shows a notably high average similarity of 80.20%
despite comparing only 28.57% of rows, representing a difference
of 5 fewer rows in the LLM-generated test compared to the human-
written one. This limited comparison base likely contributes to the
elevated similarity score.

However, this explanation does not hold for the Aliexpress case,
which shows a moderate similarity (approximately 45%) despite
having a similar deficit of 4 rows.

As both are of similar level of complexity, this deviation likely
occurs because Aliexpress’ objective is fairly concise between all
platforms (login with Google), i.e is widely available on the data
that the GPT has been trained upon, whereas Gmail’s objective (use
the "Compose" button to create a new email) is domain-specific
and therefore not so much available on the training dataset. There-
fore, platform-specific characteristics significantly impact similarity
outcomes.

Table 5 reveals that approximately 67% of all rows were suc-
cessfully compared across test cases, yielding an overall average

Figure 9: Car Route Analogy

semantical similarity of approximately 58%. The general pat-
tern shows ChatGPT generating tests with an average of two fewer
rows than human testers. This finding appears to contradict the pat-
tern illustrated in Figure 9, where ChatGPT is perceived as having
greater "Completeness" than humans. This apparent contradiction
can be resolved by recognizing that the completeness metric specif-
ically measures achievement of proposed objectives rather than
verbosity. Thus, while ChatGPT produces more concise test descrip-
tions with fewer rows, these descriptions may sacrifice clarity in
the process.

From Figure 5 and Table 4, the analysis denotes a notable dis-
crepancy between structural and semantic similarity metrics. While
structural similarity measures only 31.62%, indicating signifi-
cant divergence in test organization and step sequence, semantic
similarity reaches 58.11%, demonstrating substantial alignment
in test intent and functional coverage. This contrast suggests that
while ChatGPT-generated tests diverge from human-authored tests
in their structural formulation, they maintain comparable semantic
equivalence in terms of test purpose and requirement fulfillment,
i.e. the test steps are differently organized from the human-made
tests but they maintain functional coverage with alternative steps.

Answer to RQ2. Although semantically similar (58.11%), the
structural similarity of ChatGPT-generated tests measures only
31.62%. This discrepancy of 26.49% suggests that LLMs can achieve
functional coverage through alternative test steps.

5 Threats to Validity
5.1 Internal Threats
We identified two internal threats: selection bias in Objectives and
Websites. Objective selection bias may occur if the chosen tasks
do not cover the range of relevant user actions, which could limit
the scope of our findings. Website selection bias may arise if the
selected sites do not reflect common usage patterns, reducing the
study’s representativeness.

To address these risks, we discussed objective selection with
another research group and used an online visitation ranking to
choose websites [8]. These steps help reduce bias, but some may
remain. The results may still be influenced by the chosen objectives
and websites. Expanding the diversity of both in future work could
improve the robustness and generalizability of our conclusions.
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5.2 External Threats
We identify two main external threats to this study. The first is the
low response rate to the questionnaire, which may limit the gener-
alization of the findings. To mitigate this, we sought participants
with diverse backgrounds and from a variety of locations, aiming
for a broader representation. The second threat is response fatigue,
where participants may become tired while answering the question-
naire, potentially affecting the quality of their responses. This was
addressed by dividing the questionnaire into smaller sections and
randomizing the order of questions to help maintain participant
engagement.

5.3 Construct Threats
Two construct threats were also identified. The first concerns the
variability of model responses, as the model may not always produce
accurate or consistent answers, which could hinder reproducibility.
To address this, we used standard configurations and parameters
to minimize model inconsistent behavior throughout the experi-
ments. The second threat is the bias in manual test creation, since
the manual test depends on the subjective judgment of its creator,
potentially introducing measurement bias. This was mitigated by
involving multiple independent reviewers and applying a standard-
ized validation checklist during the test development process.

6 Related Work
As the field of manual testing continues to mature, there is a notable
absence of studies focused exclusively on the generation of natural
language test cases, particularly using the layout and methodology
proposed in this paper.While numerous works [14, 19, 21, 40, 41, 45]
leverage LLMs or NLP techniques to generate test cases from vari-
ous forms of input (requirements, user stories, or code), these typi-
cally aim to produce automated tests rather than human-readable
test instructions. In this sense, they share a general objective with
our approach: transforming structured or semi-structured input
into test cases. However, they diverge significantly in either the
input modality, the generation method, or the form of the output,
which in our case is explicitly designed for manual, human-driven
testing workflows.

Rane et al. [33] aimed to automate the generation of test cases
from Agile user stories written in natural language. Their approach
differs significantly from ours, which relies on screenshots and
predefined testing objectives. While our method focuses primarily
on visual elements and the graphical interface to infer user behav-
ior and application state, Rane’s work emphasizes understanding
and processing textual requirements. By leveraging a test scenario
description and a domain-specific dictionary, their system uses
natural language processing to generate functional test cases, ad-
dressing the challenges of requirement ambiguity and frequent
changes typical in Agile development.

Ouedraogo et al. [30] focused on evaluating the effectiveness
of Large Language Models (LLMs) in generating unit test code
for existing Java classes. In contrast, our work does not involve
generating executable code, but rather produces natural language
test cases based on high-level inputs such as application screenshots
and manually defined test objectives. This fundamental difference

in both input and output shifts our focus from code-level validation
to human-guided exploratory testing.

Nebut et al. [29] aimed to generate test scenarios from use case
scenarios and machine-derived test objectives. Our framework dif-
fers from theirs in both input modality and objective specification.
Rather than extracting use cases from textual requirements, we
provide an LLM with a screenshot of the application interface. Ad-
ditionally, the test objective in our approach is not automatically
generated but manually defined by a human, allowing for more
intentional and context-aware test case generation.

Zhao et al. [46] generated tests from a video of an actor utilizing
the UI of some application. Their Avgust approach processes videos
through computer vision and natural language processing to detect
user actions, builds a state machine-based model, and generates
tests for target applications. While Avgust uses visual input like
our method, it differs in approach and output: Avgust processes
video content to produce executable tests, whereas our method
uses screenshots to create natural language test cases for manual
testing. Avgust’s model targets cross-application test generation,
while our approach creates test instructions for the application
interface shown in the screenshot.

7 Concluding Remarks
In this paper, we introduced a tool for generating natural language
test cases from screenshots and objectives, evaluating the quality
of generated tests through a comprehensive assessment involving
18 software testing professionals and a quantitative analysis of gen-
erated versus human-authored tests. The evaluation revealed com-
plementary strengths: professionals rated human-authored tests
as clearer while perceiving ChatGPT-generated tests as more com-
plete. Quantitative analysis demonstrated that while tests exhibit
semantic similarity (58.11%), they diverge significantly in structural
organization (31.62%), indicating that LLMs achieve functional cov-
erage through alternative test design patterns. As future work, we
intend to:

• Explore test case generation capabilities with alternative
large language models (e.g., Claude, Gemini) to assess gen-
eralization across different architectures;

• Incorporate automated test objective selection directly from
screenshot analysis, reducing manual specification require-
ments;

• Investigate hybrid approaches combining human expertise
with LLM capabilities to optimize both clarity and complete-
ness;

• Extend evaluation to additional domains and application
types to validate findings across diverse software contexts.
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