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ABSTRACT
Web applications are widespread and can be accessed from any-
where, in theory, using a web browser on a computer or smartphone.
Primarily due to the diversity of web browsers and frameworks
available for developing web application interfaces, testing such
applications is a challenging task. With the advent of large language
models, several works are utilizing them to automate software engi-
neering tasks, including test case generation. This use of LLMs for
test case generation prioritizes unit testing. More recently, we have
seen the advent of Generic Artificial Intelligence Agents, which
are tools that utilize LLMs and also possess the ability to run ad-
ditional tools, such as cloning repositories, navigating websites,
and compiling programs. In this work, which is part of a research
and development project, we evaluate a specific Generic AI Agent
Assistant regarding its capability to navigate web applications and
create fully automated end-to-end test cases, utilizing Selenium
WebDriver and JUnit 5 framework. Results show that, considering
a set of nine websites, in overall end-to-end test case generation,
Suna configured with DeepSeek V3 produced 165 successful test
cases out of 481 generated tests, a success rate of 34.3%. On the
other hand, Suna configured with Claude Sonnet 4 produced 336
successful test cases out of 479 generated tests, a success rate of
70.1%, which is very impressive, mainly due to the complexity of
creating end-to-end testing. In terms of cost, we used a free and a
paid LLM model. The paid model generates successful test cases at
an average price of $ 0.15 per test case.
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1 INTRODUCTION
A web application operates in a client-server environment and
is accessible via the Internet or a local network, using standard
protocols such as HTTP or HTTPS for communication [16].

The visual interface of this system is represented by a Graphical
User Interface (GUI), which consists of various interactive com-
ponents such as buttons, text fields, menus, and other visual ele-
ments that enable user interaction with the system [6]. According
to Martinez-Caro et al. [19], the number of websites available on
the Internet has surpassed 1 billion, while the number of globally
connected users has reached approximately 4 billion.

Testing involves evaluating whether it meets the requirements
for which it was designed, with the primary goal of identifying
failures, errors, or gaps in the specifications. In addition, testing
helps reduce maintenance costs by identifying and resolving appli-
cation issues early, thus preventing more serious problems in the
future [35]. Tests can be performed either manually or automati-
cally, aiming to ensure the correct functioning and overall quality
of the deployed system [8].

Among automated tests, end-to-end testing stands out due to
its complexity, as it verifies the complete system by simulating
the end user’s behavior in real-world scenarios. These tests assess
the entire workflow of the application, from the user interface to
communication with external services and databases, ensuring that
all system components work together as expected [3, 13].

Among the several challenges for automating web testing, such
as the varying behavior of different browsers and the diversity of
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technologies used for graphical user interface (GUI) implementa-
tion of web applications, there is also the need to locate web page
elements to interact with them automatically. For this, it is expected
that each element has one or more locators and, in general, depend-
ing on the locator strategy adopted during development, even small
changes to the web application GUI will result in script testing
failures Ricca et al. [27].

Large LanguageModels (LLMs) are artificial intelligence systems,
typically based on deep neural networks, designed to process and
generate natural language text [5]. They change the way we do
software engineering [11, 23, 32], and they are also extensively
studied to support software testing automation, especially at the
unit testing level [31, 35].

These models have proven to be highly useful in the context
of web system testing, offering new approaches to automate and
enhance testing efficiency. Their applications include automatic test
case generation, user interface interaction testing, error analysis,
result validation, security testing, and vulnerability detection, as
well as improvements in element locators, among others [15, 21, 36].

This work is part of a research and development (R&D) project in
partnership with a company that aims to automate the amplification
and generation of automated testing for web applications. We began
investigating the use of LLM prompts to create fully automated,
end-to-end testing for web applications.

However, despite recent advances, a significant gap remains in
the practical application of LLMs for generating robust, maintain-
able, and GUI-resilient end-to-end tests — especially in dynamic
web environments, where frequent interface changes lead to test
fragility. This research is a first step towards addressing this gap
by proposing and evaluating an LLM-based approach to enhance
the automation and resilience of web application testing.

Initial efforts to interact directly with various LLMs via chat-
based interfaces consistently produced unsatisfactory test cases,
many of which failed even to compile. This was observed evenwhen
using state-of-the-art models such as DeepSeek V3 and Anthropic
Claude Sonnet 4. In parallel with the evolution of LLMs, numerous
generic AI agents have emerged. These systems integrate LLMswith
external tools, enabling them to autonomously perform complex
tasks that exceed the scope of LLMs alone. Notable examples include
proprietary agents such as Manus1 and Genspark2, as well as open-
source alternatives like OpenManus3 and Suna4.

Motivated by the limitations encountered when relying solely
on LLMs, this study explores the use of a generic AI agent — Suna5
— to automatically generate Selenium WebDriver test cases for a
set of nine real-world web applications. Suna is configured using
two LLM models accessed via OpenRouter6: DeepSeek V3 0324
(deepseek/deepseek-chat-v3-0324:free) and Claude Sonnet 4
(anthropic/claude-sonnet-4). For brevity, we refer to these mod-
els as DeepSeek V3 and Claude Sonnet 4 throughout the remainder
of this paper.

We intend to answer the following research questions:

1https://manus.im/
2https://www.genspark.ai/
3https://openmanus.org/
4https://www.suna.so/
5https://github.com/kortix-ai/suna
6https://openrouter.ai/

• RQ1: What is the capacity of Suna to create successful test
cases for automating web-application testing?

• RQ2: What are the common faults resulting from automated
test cases for web applications created by Suna?

• RQ3: What is the cost/benefit relation of paid versus free
models on generating test cases for web-application testing
using Suna?

The contributions of this work are:

• The evaluation of a generic AI agent (Suna) capability on
generating automated test cases for testing web applications
in a fully automated way.

• The analysis of types of errors and failures that Suna’s gener-
ated test cases produce when configured with different LLM
models.

• A cost-benefit analysis considering the number of successful
test cases and the money spent to generate them.

The remainder of this text is organized as follows. In Section 2,
we present the background required to understand the paper. In
Section 3 we describe the related work. In Section 4, we describe
the experimental design and how we collected the data to answer
the research questions. In Section 5, we answer the research ques-
tions and present a discussion about our results. In Section 6, we
present some lessons learned in this process. Finally, in Section 7,
we conclude the paper and present some future work we intend to
continue developing.

2 BACKGROUND
This section reviews the core concepts relevant to our work, in-
cluding the architecture and challenges of web applications, key
principles of software testing, and the respective roles of Large
Language Models (LLMs) and generic AI agents in software engi-
neering.

2.1 Web Applications
The proliferation of online services has made developing scalable,
robust web applications a fundamental priority for competitive
organizations [19]. Web systems have two main layers: the front-
end — the user-facing interface — and the back-end, which executes
business logic and manages data [1, 6]. Frameworks streamline
development by providing reusable components and conventions
that accelerate implementation [6].

Architectural styles such asmonolithic, microservices, and server-
less designs define how these layers interact, influencing scalability
and maintainability [12, 34]. Despite architectural advances, au-
tomating software testing for web systems remains challenging.
Common issues include test fragility when GUI elements change,
overdependence on specific implementations, and incomplete test
coverage [27]. Moreover, web interfaces are dynamic and primarily
designed for human interaction, making element identification and
automation difficult [13, 37]. To mitigate this, practitioners use tools
like Selenium, Playwright, and Cypress, with Selenium being the
most established [25].
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2.2 Software Testing
Software testing ensures reliability and early defect detection but of-
ten faces practical constraints such as limited time or resources [25].
Core activities include defining test criteria, designing and execut-
ing test cases, monitoring progress, documenting outcomes, and
closure [4]. Two main strategies apply [2]: black-box testing, which
evaluates external behavior, and white-box testing, which analyses
internal code and logic.

Testing occurs at multiple levels—unit, integration, system, and
acceptance (end-to-end)—to expose defects early [39]. Automated
testing, enabled by scripts or tools, supports rapid, repeatable test
execution and broad coverage, becoming crucial for regression
testing [20, 37]. Manual testing remains valuable for exploratory
and usability evaluation but is slower and more error-prone [3, 38].

2.3 LLMs and Generic AI Agents
Artificial Intelligence (AI) is transforming software testing through
automated test generation and fault localization [10, 11, 32]. Large
Language Models (LLMs), based on transformer architectures, excel
at natural language and code generation tasks [18, 23, 26, 33, 35].
However, early experiments using Deepseek V3 revealed that purely
conversational interactions often yield flawed or incomplete test
scripts, exposing the limitations of prompt-based use.

Generic AI agents extend LLMs by providing memory, planning,
and tool integration [9, 11, 18]. As shown in Figure 1, they typically
include a Planner that decomposes complex tasks, an Evaluator that
ensures consistency and quality, and an Executor that performs
actions using available tools. These agents orchestrate dynamic
workflows beyond simple language modeling. Recent platforms
such as Manus, OpenManus, Genspark, and Suna exemplify this
trend. Our research explores Suna’s capacity to autonomously gen-
erate Selenium WebDriver tests with JUnit 5 in a black-box mode,
given only the target web application’s URL.

Figure 1: General architecture of generic AI agent tools7.

3 RELATEDWORK
As highlighted by Wang et al. [35], several initiatives have been
proposed for utilizing LLMs to support software testing activities,
including automatic test case generation. The vast majority of these
studies are related to the generation of automated unit testing.

7Picture extracted from http://bit.ly/3HsoXCT

Roychowdhury et al. [28] describe an innovative approach that
combines static analysis with large language models (LLMs) for
the automatic generation of unit tests in Java. The authors propose
enriching the prompt with precise and concise information auto-
matically extracted through static code analysis. This technique
enables LLMs to generate syntactically correct unit tests, even for
newly created or highly complex methods, as demonstrated in both
commercial and open-source Java projects. The main limitation
identified is the exclusive focus on test generation, without assess-
ing aspects like code coverage, test smells, or assertion effectiveness.
Static analysis itself is restricted in handling dynamic dependencies,
and the approach’s applicability to other programming languages
remains untested. Additionally, integration with in-context learning
or fine-tuning methods has not yet been pursued, and the method’s
usefulness beyond unit test generation—such as for integration or
system tests—has not been validated.

El Haji et al. [7] empirically evaluate GitHub Copilot’s ability to
generate unit tests in Python, considering different contexts (with
or without an existing test suite) and varying styles of comments in
test methods. The authors analyzed 290 tests generated by Copilot
based on 53 real tests from seven open-source projects. They found
that 45.28% of the tests generated within the context of an existing
suite were usable, whereas only 7.55% were usable outside of that
context. The useful tests typically mimicked other tests in the same
file, suggesting that Copilot heavily relies on the immediate context
to generate effective test cases. A key limitation is the number of
unusable tests — those with syntax or runtime errors — mainly
when Copilot operates without context, with nearly 92.5% of gener-
ated tests affected. The model frequently produces hallucinated, or
fabricated, code snippets. The evaluation focused on whether the
tests could be used immediately, rather than on their fault-detection
capability. Additionally, the study was restricted to Python, limiting
the generalization to other languages, domains, or testing levels.

Considering testing at the system level, the study by Wang et al.
[36] proposes the Vision-Enhanced Test Loop (VETL), a technique
for automated testing of graphical user interfaces (GUIs) that com-
bines LLMs with Large Vision-Language Models (LVLMs). The
study highlights that traditional methods, such asWebExplor, strug-
gle to generate coherent inputs and to correctly identify interactive
elements, particularly given the complexity and dynamic nature
of modern web applications. VETL frames the element selection
task as a Visual Question Answering (VQA) problem, where the
model receives interface screenshots and determines which ele-
ment to interact with based on visual context. Furthermore, the
technique adopts an exploration mechanism based on multi-armed
bandits, which balances the discovery of new states with efficient
interaction with interface components. Experimental results show
that VETL outperforms WebExplor by detecting 25% more unique
actions on benchmark websites and uncovering functional bugs in
popular commercial sites. Although interesting, test generation is
an interactive task, and we intend to evaluate how it can be fully
automated, minimizing human intervention as much as possible.

Pan and Zhang [24] propose the MoT prompting technique to
enhance code generation by LLMs. Inspired by the modularization
principles of traditional software engineering, MoT structures the
reasoning process into aMulti-Level Reasoning Graph (MLRGraph),
which organizes problem-solving steps across three hierarchical
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levels: high-level, intermediate, and detailed. This modularized
framework enables LLMs to better understand complex problems,
resulting in more accurate and well-structured code. Experiments
conducted with the GPT-4o-mini and DeepSeek-R1 models on six
widely used benchmarks (such as HumanEval, HumanEval+, MBPP,
among others) demonstrated that MoT significantly outperforms
other prompting approaches. As limitations, the technique requires
the prior construction of a Multi-Level Reasoning Graph (MLR
Graph), which introduces additional complexity. Despite encour-
aging results, it faces issues with scalability and computational de-
mands, and may not readily extend to tasks such as object-oriented
or multi-file programming. The study did not evaluate how readable
or maintainable the generated code is for developers. Additionally,
the approach relies on models with strong capabilities in logical
decomposition and semantic analysis.

The study by Olianas et al. [22] introduces a new tool called
TESTQUEST, a plugin developed in Kotlin for IntelliJ IDEA, de-
signed to enhance the quality of locators and page objects in web
testing. This tool seeks to optimize these elements during the soft-
ware testing process. The authors note that manually creating test
cases, even with the aid of auxiliary tools, can be a time-consuming
and labor-intensive task. To mitigate this issue, automatic test gen-
eration techniques have been explored, including systematic ex-
ploration of web pages, scriptless approaches based on graphical
user interface (GUI) modifications, and reinforcement learning algo-
rithms. However, most of these techniques heavily rely on locators,
which are considered one of the primary sources of fragility in web
testing, as they are directly tied to the DOM structure. Consequently,
even minor changes in the GUI during software evolution can com-
promise locators, breaking their association with page objects and
impairing test functionality. To address these challenges, the work
introduces the design pattern known as PageObjectModel (POM) as
a practical approach, adding a layer of abstraction between the test
logic and the structure of web pages. Furthermore, it is highlighted
that gamification has gained prominence as a strategy to make
testing activities more engaging by incorporating game-inspired
elements into the software testing context.

There are also other works relating to the use of LLM for testing
generation for web applications, such as the work of Li et al. [17].
They report some success, but also encounter problems, such as the
phenomenon of hallucination in LLMs, which typically occurs when
the context window is extrapolated. The LLM becomes confused
and is unable to answer questions accurately.

Considering the published work in the field of software test
automation using large language models, we understand that this is
the first to comprehensively evaluate an AI agent in the automatic
generation of test cases for web applications, based solely on a
single command-line prompt, without providing any additional
instructions such as page credentials or other essential components
required for server navigation.

4 EXPERIMENTAL DESIGN
Our experiment aims to investigate whether a Generic AI Agent
Assistant, named Suna, can produce correct Selenium Webdriver
test cases for a set of websites, traditionally used for web automation
testing tools. We chose Suna because it is an open-source Generic

AI Agent, and it is possible to configure it to use different LLM
models. Therefore, we designed our experiment to evaluate the
performance of two LLMs in generating test cases automatically,
using the Suna orchestration layer.

As illustrated in Figure 2, the workflow begins with a natural
language prompt sent to Suna (Step 1), which creates a task list
delegating some of them to the selected LLM via the OpenRouter
API8. The response contains the generated SeleniumWebDriver test
set (Step 2). The generated test set is included in a Maven project for
test compilation, execution, and report generation (Step 3). Finally,
reports are analyzed to extract relevant information to answer
our research questions (Step 4). This automated pipeline enables
consistent and reproducible test case generation and execution,
supporting both qualitative and quantitative evaluations of the
models involved.

Prompt sent 
to SUNA 

AI

SUNA agents 
working

Selenium 
test set

Run test 
cases 

Generate 
test reports

1 2 3 4

Figure 2: Workflow for LLM-based test case generation and
execution.

We ran this pipeline five times on alternate days for each model
and each of the websites under testing. Each sequence was con-
ducted on a different day to capture potential variations in model
behavior over time—a concern raised by Sallou et al. [30], who
highlight factors such as internal updates, server load fluctuations,
and dynamic model adjustments.

Each day, one sequence was executed for both models. For exam-
ple, on the first day, Suna configured with DeepSeek V3 or Claude
Sonnet 4, each of which applied to the same set of nine websites,
labeled as WS-01 to WS-09 (see Table 1), aiming to create a valid
test set for each website. On the second day, the process is repeated
to make the second sequence of test sets for each website, and so
on, until the fifth day.

Thus, each model was evaluated through 45 website interactions
(5 sequences × 9 sites), allowing for a comparative analysis. Repeat-
ing the sequences with the same prompt was intended to observe
response variability, taking into account the stochastic nature of
LLMs and the potential for hallucinations. Although Sallou et al.
[30] recommend a larger number of repetitions per scenario — such
as ten — we stopped after the fifth run due to cost constraints on
using the paid model.

The tests were conducted through the Suna AI platform, an envi-
ronment that enables the integration of LLMs into test automation
workflows. Suna was selected following an exploratory search for
tools aligned with the study’s goals, standing out for its simplicity
and support for the selected models. We analyzed other alternatives:
Manus is a proprietary generic agent, expensive, and does not al-
low for choosing the underlying LLM model — the same limitation
applies to Genspark. OpenManus, which is also open-source, was
tried with the same prompt presented in Listing 1 and the same

8https://openrouter.ai/
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LLM models, presenting inferior quality. Therefore, we decided to
use Suna in our experiment.

We submit the same prompt (Listings 1) to Suna, once configured
with DeepSeek V3, and others with Claude Sonnet 4, to evaluate
the success of creating valid Selenium Webdriver test sets using
the JUnit 5 framework. All outputs were stored for subsequent
qualitative and quantitative analysis. All generated data is available
in a public repository9.

4.1 Web sites
Table 1 provides an overview of all websites used as subjects in this
experiment. For each site, it outlines the type of application, the
specific elements used for testing, and the reasons why the site was
chosen for inclusion in the study. We decided to use these websites
because they are commonly referred to in studies and web testing
automation experiments. Moreover, they represent different types
of web applications or have varying resources for evaluating the
capabilities of web testing tools.

4.2 Prompt definition
The success of LLM in performing a task correctly is highly de-
pendent on the prompt and the context it brings. In the case of a
Generic AI Agent, this is not different. Therefore, we conducted an
empirical evaluation of different prompt versions until we identi-
fied a minimal set of instructions that produced satisfactory results.
We then decided to use this resultant prompt in our experiment.
The complete prompt is in Listing 1. It is essential to note that we
consistently submit the same prompt to Suna, regardless of the LLM
model configuration. There are two placeholders in this prompt:
{URL}, replaced by the main website URL; and {PACKAGE_NAME},
which defines the Java package in which the test files would be
generated to ease automation and data collection.
You are a specialized web tester. Navigate through the
page of the main URL provided below and build test
cases using Selenium WebDriver with Java and JUnit 5 to
test this page and all other pages one level below it ,
including external links present on the website under
testing.

Main URL: {URL}
As output , create the .java file with the complete
test set. Save it to the workspace.

The test set file must be in a package named
***{ PACKAGE_NAME }***

Each test must be complete.
DO click on an HTML element or fill it if necessary.
DO click on buttons.
DO include asserts.
DO create test cases per page that cover all clickable
elements.

DO create only JUnit test files. DO NOT create the
complete Maven project.

Save all generated files to the workspace.

Listing 1: LLM Prompt for Initial Test Suite Generation

4.3 Data collection
Table 2 shows the raw data collected from Surefire reports after
running “mvn clean test-compile test” command. The first
column indicates the website and sequence, columns TC, E, F, S, and
%S correspond to the number of generated test cases, number of
9https://github.com/aurimrv/suna-selenium/

tests with errors, number of tests with failures, number of successful
test cases, and the success rate ((𝑆/𝑇𝑆) ∗ 100).

Yellow cells highlight the best success rate for a specific website
and sequence. Red cells indicate situations where Suna creates test
cases, but all are executed with failure or error; gray cells indicate
that no test set was generated at all.

5 RESULTS AND DISCUSSION
Based on the data from Table 2, in this section, we discuss the
results to answer each research question of interest.

5.1 Capability to create success test cases
As can be observed in Table 2, Suna with DeepSeek V3 and Suna
with Claude Sonnet 4 produce almost the same number of test
cases in total, 481 for DeepSeek V3 and 479 for Claude Sonnet 4,
but for Claude Sonnet 4 336 out of 479 tests run successfully (a
success rate above 70%) and for DeepSeek V3, only 165 out of 481
run successfully (34.3% of success rate).

Considering average values, both models achieve a similar suc-
cess rate of 29% for DeepSeek V3 and 33.8% for Claude Sonnet 4.
This is mainly due to several executions Claude Sonnet 4 that gen-
erated no valid test cases. DeepSeek V3 always creates valid test
cases10 (𝑇𝐶 ≠ 0), but not always do their test cases run successfully
(𝑆 = 0). In almost all situations where Claude Sonnet 4 creates valid
test cases, they are more successful than DeepSeek V3 test cases.
Only in one case, ws02.seq01DeepSeek V3 creates more successful
test cases than Claude Sonnet 4, with Claude Sonnet 4 generating
valid test cases.

Figure 3 summarizes the aggregate success rates per model and
website. As can be observed, the models produce different success
rates. For some websites, on average, DeepSeek V3 produces more
test cases that run successfully, and on others, Claude Sonnet 4
yields better results.

Figure 3: Successful rate comparison by LLM model.

Specifically, Claude Sonnet 4 achieved higher success rates across
almost all websites, with notable performance on ws08 (63.0%) and

10We refer to valid test cases as the ones generated that compile successfully.
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Table 1: List of websites under testing

ID Website Type Elements to Test Why Use It

WS01 Basic Site Static Buttons, navigation, simple form elements Simple site, useful for testing basic interactions and recording
tools

WS02 Swag Labs Dynamic (E-Commerce) Login, product listing, shopping cart Classic automation test environment with multiple UI elements

WS03 ParaBank Dynamic (Banking) Login, account creation, transfers, statements Simulates banking operations, ideal for testing form-based appli-
cations and authentication

WS04 BugBank Dynamic (Banking) Login, transactions, user registration, statement Modern system with real banking features, excellent for end-to-
end testing

WS05 XPath Practice Page Static + Dynamic Elements with various attributes, dynamic IDs,
XPath location

Excellent for practicing element location via XPath and complex
selectors

WS06 Demo AUT Static Forms, required fields, simple validations Basic test automation environment with input fields and form
validation

WS07 Select2 3.5.3 Dynamic (UI Library) Selection fields, searchable lists, custom elements Useful for testing complex form widgets like ‘select‘ with search
and multi-selection

WS08 Login Wt Static + Dynamic Login, field validation, error messages Simple and straightforward, great for validating authentication
and feedback messages

WS09 Customer Service Center TAT Static Contact form, validations, file upload Simulates a customer service center with common form elements,
ideal for functional testing

ws09 (64.7%). On the other hand, DeepSeek V3 presented more
limited performance, with a maximum success rate of 53.22% on
ws06 and significantly lower (or null) results on others, such as ws07.
This indicates that the generated test cases seem complementary.
For some websites, one LLM yielded better results, while for others,
it is essential to explore a different model.

Answering RQ1: The Claude Sonnet 4 model showed a higher
average success rate in generating test cases compared to the
DeepSeek V3 model. Therefore, the paid model generally yielded
better results; however, combining different models for test case
generation can be beneficial when the generated test cases com-
plement each other.

5.2 Common Errors and Failures
In the case of DeepSeek V3, from the 481 generated test cases,
236 (49.1%) ran with errors and 80 (16.6%) with failures. JUnit 511
distinguishes problems with test cases into these two categories,
where “failures” occur when your test cases fail due to issues in
assertions; and “errors” represent unexpected errors/exceptions
thrown during test execution.

Table 3 details the data about errors and failures per LLM model
during test execution. In general, DeepSeek V3 produces more er-
rors in more categories than Claude Sonnet 4, and, in general, there
are few intersections of errors produced by test cases generated
when Suna is configured with DeepSeek V3 and Claude Sonnet 4.
Only in the error types ElementClickInterceptedException,
NoSuchElementException, and TimeoutException, both models
have some intersection. In the case of DeepSeek V3, 50% of errors
are of NoSuchElementException and for Claude Sonnet 4, 56% are
of TimeoutException.

Figure 4 depicts the average errors and failure rates per model
per website. In a general view, DeepSeek V3 produces test cases
with more errors and failures than Claude Sonnet 4. Claude Sonnet 4
error rate is around 23.4% and failure rate around 6.5% considering

11https://junit.org/

all generated test cases. On the other hand, DeepSeek V3 error rate
reaches 49.1% and failure rate 16.6%.

Figure 4: Errors and failures rate comparison.

Considering the complexity of creating test cases for web appli-
cations, we did not expect perfect test cases. Moreover, it is essential
to identify these limitations and the specific types of errors and
failures each model produces, to implement mechanisms that uti-
lize LLMs to potentially correct generated tests based on error
messages [14]. Different errors and failures may require different
prompt strategies and contexts to resolve the issue. Although we
did not implement auto-fix in this experiment, we intend to do so
in future work.
Answering RQ2: Both models produce test cases with errors
and failures. In general, Suna with Claude Sonnet 4 reduces the
error rate by 25.7% and the failure rate by 10.2% compared to Suna
with DeepSeek V3. For DeepSeek V3, 50% of errors are related
to NoSuchElementException and for Claude Sonnet 4 56.3% of
errors are related to TimeoutException.
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Table 2: Resultant data for each test set sequence.

Test Set DeepSeek V3 Claude Sonnet 4

TC E F S %S TC E F S %S

ws01.seq01 5 5 0 0 0.0 10 1 3 6 60.0
ws01.seq02 6 0 2 4 66.7 0 0 0 0 0.0
ws01.seq03 5 0 3 2 40.0 10 0 0 10 100.0
ws01.seq04 14 9 5 0 0.0 15 1 5 9 60.0
ws01.seq05 5 0 1 4 80.0 0 0 0 0 0.0
ws02.seq01 5 2 0 3 60.0 20 16 0 4 20.0
ws02.seq02 34 9 10 15 44.1 0 0 0 0 0.0
ws02.seq03 33 10 8 15 45.5 0 0 0 0 0.0
ws02.seq04 9 5 0 4 44.4 0 0 0 0 0.0
ws02.seq05 19 6 1 12 63.2 0 0 0 0 0.0
ws03.seq01 15 6 4 5 33.3 15 2 3 10 66.7
ws03.seq02 23 7 2 14 60.9 0 0 0 0 0.0
ws03.seq03 12 4 2 6 50.0 0 0 0 0 0.0
ws03.seq04 1 1 0 0 0.0 0 0 0 0 0.0
ws03.seq05 16 3 3 10 62.5 0 0 0 0 0.0
ws04.seq01 6 3 1 2 33.3 25 2 1 22 88.0
ws04.seq02 1 1 0 0 0.0 0 0 0 0 0.0
ws04.seq03 8 6 1 1 12.5 20 4 3 13 65.0
ws04.seq04 1 1 0 0 0.0 0 0 0 0 0.0
ws04.seq05 7 6 1 0 0.0 15 7 0 8 53.3
ws05.seq01 10 8 1 1 10.0 20 11 2 7 35.0
ws05.seq02 19 12 2 5 26.3 0 0 0 0 0.0
ws05.seq03 10 9 1 0 0.0 0 0 0 0 0.0
ws05.seq04 1 0 1 0 0.0 0 0 0 0 0.0
ws05.seq05 18 13 1 4 22.2 0 0 0 0 0.0
ws06.seq01 12 10 1 1 8.3 15 2 0 13 86.7
ws06.seq02 9 5 2 2 22.2 30 17 0 13 43.3
ws06.seq03 16 6 1 9 56.3 0 0 0 0 0.0
ws06.seq04 12 0 1 11 91.7 0 0 0 0 0.0
ws06.seq05 8 0 1 7 87.5 67 1 6 60 89.6
ws07.seq01 7 1 6 0 0.0 0 0 0 0 0.0
ws07.seq02 10 10 0 0 0.0 26 17 0 9 34.6
ws07.seq03 7 7 0 0 0.0 0 0 0 0 0.0
ws07.seq04 24 23 1 0 0.0 20 4 0 16 80.0
ws07.seq05 6 6 0 0 0.0 0 0 0 0 0.0
ws08.seq01 5 2 0 3 60.0 26 1 3 22 84.6
ws08.seq02 7 3 1 3 42.9 27 8 0 19 70.4
ws08.seq03 6 5 0 1 16.7 20 1 1 18 90.0
ws08.seq04 4 1 3 0 0.0 0 0 0 0 0.0
ws08.seq05 17 7 2 8 47.1 20 5 1 14 70.0
ws09.seq01 14 4 2 8 57.1 18 2 1 15 83.3
ws09.seq02 8 1 2 5 62.5 20 2 1 17 85.0
ws09.seq03 15 11 4 0 0.0 20 5 1 14 70.0
ws09.seq04 9 8 1 0 0.0 0 0 0 0 0.0
ws09.seq05 2 0 2 0 0.0 20 3 0 17 85.0

Total 481 236 80 165 34.3 479 112 31 336 70.1
AVG 10.7 5.2 1.8 3.7 29.0 10.6 2.5 0.7 7.5 33.8
SD 7.6 4.6 2.1 4.5 28.9 13.5 4.5 1.4 10.9 37.9
AVG ≠ 0 10.7 6.2 2.4 5.9 46.7 21.8 5.3 2.4 15.3 69.1

5.3 Cost and Benefits Relation
Considering the cost-benefit analysis, Claude Sonnet 4, even as a
paid model, delivered almost 40% more successful test cases than
DeepSeek V3. In total, Claude Sonnet 4 created 336 successful test
cases out of 479, and we spent $49.11 to make all these test cases.
This gave us a cost per successful test case of $0.15.

Figure 5 illustrates the cost per day of experimentation. Observe
that on the first day, Claude Sonnet 4 spent more money, but it was
the day when it had more success in creating valid test sets. From
the second to the fifth day, it had more failures. Unfortunately, we
did not store the Suna logs for all executions. However, we specu-
late that once we are running Claude Sonnet 4 from OpenRouter,
we may encounter instability problems with the model provider

used for OpenRouter, and failures may be due to the provider’s
unavailability rather than a wrong model response.

Table 3: Details about the errors and failures of generated
test cases per LLM model

Type DeepSeek V3 Claude Sonnet 4

# % # %

Number of Errors 236 100.0 112 100
NullPointerException 6 2.5 – –
NoSuchElementException 1 0.4 – –
ElementClickInterceptedException 6 2.5 20 17.9
ElementNotInteractableException 3 1.3 – –
InvalidArgumentException 2 0.8 – –
InvalidElementStateException – – 1 0.9
InvalidSelectorException – – 1 0.9
NoSuchElementException 118 50.0 25 22.3
NoSuchSessionException 1 0.4 – –
NoSuchDriverException 20 8.5 – –
StaleElementReferenceException 2 0.8 2 1.8
UnexpectedTagNameException 1 0.4 – –
TimeoutException 76 32.2 63 56.3

Number of Failures 80 100.0 31 100.0
AssertionFailedError 80 100.0 31 100.0

Figure 5: cs cost per day.

On the other hand, we have DeepSeek V3, which can be run for
free once you have an OpenRauter account with credits. In this
case, we achieved 165 successful test cases out of 481 generated test
cases with no additional cost by using the model.

Once models seem complementary, we are in favor of using an
incremental testing generation strategy, starting with free models
to create initial test cases. Later, we may utilize more specialized
prompts and potentially high-quality paid models to obtain addi-
tional test cases.
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Answering RQ3: At least in this experiment, better results had
a higher cost. Claude Sonnet 4 reaches 70% of success rate and
consumed 49.11 to accomplish this task, which results in a cost
of $0.15 per successful test case. We consider this a reasonable
cost/benefit rate mainly due to the complexity of creating suc-
cessful end-to-end test cases. Nevertheless, DeepSeek V3, which
can be run with no cost, can be used first to create an initial test
set, and later, we may use a more sophisticated model, like Claude
Sonnet 4, in an incremental testing strategy, possibly minimizing
the overall cost.

6 LESSONS LEARNED
Using AI agents to generate test cases proved to be more effective
than interacting directly with standalone LLMs. One key advantage
lies in the agents’ ability to orchestrate the prompt, manage execu-
tion steps, and apply structured output formatting — features that
reduce the likelihood of malformed results. Moreover, platforms like
Suna, which integrate LLMs via APIs such as OpenRouter, provide a
convenient abstraction layer that simplifies model management and
enables experiment traceability, including cost monitoring. Addi-
tionally, the open-source nature of the project allows us to create a
specialized version explicitly tailored for end-to-end test generation
of web applications.

During the experiments, the open-source model DeepSeek V3
demonstrated faster test case generation compared to the commer-
cial Claude Sonnet 4. Initially, this speed appeared to be a strength.
However, further analysis revealed that this rapidity often corre-
lated with lower output quality, likely due to the model’s limited ca-
pacity in handling more complex generation tasks. This was evident
in the higher number of failures during test execution, particularly
when test cases lacked sufficient structure or completeness.

In contrast, Claude Sonnet 4 exhibited a longer generation time
but produced more consistent and higher-quality test cases. In-
terestingly, while the free model DeepSeek V3 completed all se-
quences without crashing or halting, Claude Sonnet 4 failed in
some sequences — highlighting the stochastic and sometimes un-
predictable behavior of LLM-based systems, even when operating
under controlled prompts. Although OpenRouter allows us to de-
fine a seed parameter12, it is not utilized in this experiment. We
intend to explore its use in future experiments to observe whether
LLM models exhibit more deterministic behavior when running
with the same seed value.

As highlighted by Schmidt [31], the use of AI to assist in software
testing activities must be done with care, especially in regulated do-
mains. AI “hallucinations”, nondeterministic behavior, compliance
and ethics, and bias and fairness are some problems he highlights
about the usage of AI tools in supporting test activities. Although
he focuses on automatic generation of unit testing with AI support,
as presented in this paper, AI can also helps automatic generate test
cases for end-to-end scenarios with relatively success but, as stated
by Schmidt [31], we also agree that it is very important human
experts reviewing the results and guide improvements for a better
quality assurance process, i.e., the use of generative AI for software
engineering tasks, including test, must be human-centered [29].

12https://openrouter.ai/docs/api-reference/parameters#seed

Finally, it is essential to note that we generate test cases in a
black-box way, without providing any additional information about
each website’s functionality. Moreover, the paper does not evaluate
the quality or coverage of the generated tests, since we performed
closed-box testing and do not have access to the web application
source code. Nevertheless, we are developing a tool to identify UI
elements touched by the test set as a measure of quality.
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7 CONCLUSION
The results presented in this study highlight the strong potential
of AI agents in generating automated end-to-end test cases. The
commercial model (Claude Sonnet 4) reached an overall success rate
of up to 70%, while the open-source model (DeepSeek V3) achieved
an overall performance of 34.3% on generating successful test cases.
These findings suggest that, while open-source models may offer
faster and more stable generation at lower cost, commercial models
can deliver higher-quality outputs when reliability is a key prior-
ity. Therefore, the choice between them should consider not only
performance metrics, but also cost constraints and the acceptable
trade-off between generation speed and output accuracy.

From test cases with errors and failures, we also observe very
few similarities with models. DeepSeek V3 created more test cases
that ran with failures and errors, with textttNoSuchElementExcep-
tion representing 50% of the errors. Claude Sonnet 4 on its turn
concentrated 56.3% of test cases with errors on TimeoutException
category. Although we did not perform an auto-fix step in this ex-
periment, understanding specific error types is crucial for creating
specialized fix agents that aim to convert non-successful test cases
into successful ones.

As future work, we intend to extend the experiment to other
sets of websites, also including ones for which we have the source
code available, making it possible to compute code coverage after
running end-to-end test cases. We intend to explore other possible
Generic AI agents for end-to-end test case generation, such as
OpenManus, Manus, and Genspark, so that we can compare their
effectiveness considering different agents.

LLM models’ evolution is impressive. Currently, OpenRouter
offers 56 free models and another 420 paid models13. We also in-
tend to extend the experiment by considering other LLM models
and combining them in an incremental test generation strategy to
support the generation of high-quality end-to-end test cases. To
reach this objective, we need to develop a quality assessment for
black-box generated test cases and also improve prompt context,
providing additional information about website functionality and
testing objectives.

13https://openrouter.ai/models
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