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Abstract 

Automated user-interface testing is essential for modern web and mobile applications, but 

writing stable test scripts is labor-intensive. Generated test scripts often fail because they depend 

on fragile selectors, ignore asynchronous loading, miss important user paths, or contain weak test 

oracles. This study examines interaction-level test script generation for web and mobile 

applications. We propose TestNav-Agent, a multi-agent model that includes a screen-state 

analysis agent, a user-intent planning agent, a test script generation agent, an oracle construction 

agent, and a flakiness repair agent. The screen-state analysis agent builds page and component 

representations from DOM trees, accessibility labels, screenshots, and event traces. The 

user-intent planning agent converts functional requirements into realistic interaction paths. The 

test script generation agent produces Playwright, Selenium, and Appium scripts. The oracle 

construction agent checks expected page transitions, data changes, form validation messages, and 

error states. The flakiness repair agent replaces unstable selectors, adds wait conditions, and 

removes timing-sensitive assertions. The study was conducted on 52 production web and mobile 

interfaces from e-commerce, online education, healthcare appointment, and financial service 

applications. The evaluation material included 68,000 recorded user actions, 9,400 screen states, 

1,260 bug reports, and 740 manually written regression tests. TestNav-Agent generated scripts 

that covered 76.8% of critical user paths identified by product teams, compared with 54.2% for a 

direct script-generation model. Across 100 repeated test runs, the flaky failure rate decreased from 

13.5% to 4.1%. The generated tests detected 37 previously documented regression bugs and 11 

unreleased interface defects during staging evaluation. Selector repair was especially effective in 

dynamic pages, where element-location failures decreased by 62.4%. The average maintenance 

effort after interface changes was reduced from 19.6 minutes to 8.3 minutes per test case. These 

results suggest that interaction-level planning and flakiness repair can improve the practical value 

of automated UI test generation. 
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1. Introduction 

Web and mobile applications are updated frequently, making automated interaction testing 

difficult to maintain over time. A test script must locate the correct interface element, wait for the 

required page state, follow the intended user interaction path, and verify that the resulting state is 

correct. Changes in DOM structure, accessibility attributes, element labels, rendering time, 

network latency, or response data can cause previously valid scripts to fail even when the 

application itself remains functionally correct. Such flaky tests increase maintenance costs, 

consume debugging effort, and reduce developers’ confidence in regression testing results [1]. 

Existing approaches mainly focus on repairing test cases after failures have already occurred, for 

example by replacing invalid selectors, identifying similar elements, or reconstructing broken 

interaction sequences [2,3]. Meanwhile, large language models and multi-agent systems have 

demonstrated considerable potential for generating, refining, and optimizing executable code 

through coordinated planning, implementation, evaluation, and revision processes [4]. These 

advances suggest that intelligent agents may also support automated test generation. However, 

directly generated test scripts may contain invalid selectors, omit important user actions, use 

insufficient synchronization mechanisms, or rely on weak assertions that fail to verify the intended 

application behavior [5,6]. 

Recent studies have extended language-model-based automation to mobile graphical user 

interface testing. Language models have been used to generate context-sensitive text inputs, 

interpret screen content, explore Android interfaces, construct unusual or adversarial inputs, 

reproduce application crashes, improve interface coverage, and migrate existing test cases 

between application versions [7,8]. These methods reduce the dependence on manually written 

interaction scripts and allow testing systems to adapt their actions according to the observed 

interface state. Related research in web testing has mapped natural-language instructions to 

browser operations and used page structure, interface semantics, or screen-transition information 

to construct end-to-end interaction sequences [9,10]. Benchmark environments such as WebArena 

further show that autonomous agents can complete multi-step browser tasks involving navigation, 

form input, search, and information retrieval [11,12]. Autonomous web agents have also been 

evaluated in software-testing scenarios, indicating that language models can participate in test 

planning, action execution, and result interpretation [13,14]. Despite this progress, reliable 

interaction-level testing remains challenging. Dynamic interfaces frequently contain asynchronous 

components, hidden elements, delayed network responses, modal dialogs, dynamically generated 

identifiers, and controls whose visible labels change according to application state [15,16]. A 

generated script may therefore succeed during one execution but fail during another because an 

element appears later than expected or because the underlying DOM representation has changed. 

Selector robustness is another important concern. Absolute XPath expressions, long CSS paths, 

dynamically generated class names, and index-based selectors may work temporarily but are 

sensitive to even minor interface modifications. Semantic selectors based on roles, accessible 



names, stable attributes, and surrounding context are generally more resistant to these changes, yet 

generated tests do not always select them appropriately [17,18]. Test correctness also depends on 

the quality of the test oracle rather than successful action execution alone. A script that clicks the 

expected button and reaches a new page cannot necessarily determine whether the underlying 

function is correct [19,20]. Effective interaction tests should verify page transitions, content 

changes, database-related updates visible through the interface, validation messages, error states, 

and other observable effects associated with the user requirement [21,22]. Weak assertions, such 

as checking only whether a page loads or an element exists, may allow functional defects to 

remain undetected. This problem becomes more important in end-to-end testing because a single 

user path can involve several application states, asynchronous operations, and intermediate 

responses [23,24]. Existing studies often evaluate generated tests using a limited set of 

applications or a single execution of each test case. Consequently, repeated-run stability, selector 

degradation after interface updates, oracle quality, repair effectiveness, and long-term 

maintenance effort remain comparatively underexplored. 

This study presents TestNav-Agent, an interaction-level framework for generating and 

maintaining automated test scripts for web and mobile applications. The proposed method 

represents interface states using complementary information from DOM trees, accessibility labels, 

screenshots, and recorded event traces, allowing the model to interpret both structural and visual 

characteristics of the current screen. Functional requirements are transformed into executable user 

paths that describe required actions, expected transitions, and verification points. Based on these 

paths, TestNav-Agent generates test scripts for Playwright, Selenium, or Appium and introduces 

assertions for page transitions, data changes, validation feedback, successful operations, and 

expected error conditions. A repair mechanism further analyzes execution failures, replaces 

unstable selectors with more reliable alternatives, and introduces suitable waiting strategies when 

failures are associated with asynchronous loading or delayed interface updates. The study 

evaluates the framework across web and mobile applications through repeated executions and 

interface-change scenarios. The evaluation focuses on critical-path coverage, execution stability, 

flaky-test frequency, defect-detection capability, selector robustness, repair success, and 

maintenance effort. By integrating test generation, state-aware verification, repeated-run 

evaluation, and automatic repair within a unified workflow, this work aims to move 

language-model-based testing beyond one-time script generation toward more reliable and 

maintainable interaction testing. The results are expected to clarify whether multimodal interface 

understanding and adaptive repair can reduce the gap between automatically generated tests and 

the stability required for practical regression-testing environments. 

 



2. Materials and Methods 

2.1. Sample and Study Setting 

The study used 52 real web and mobile interfaces from e-commerce, online education, 

healthcare appointment, and financial service applications. An interface was included when it 

supported at least one complete user task in a test environment. The dataset contained 68,000 

recorded user actions, 9,400 screen states, 1,260 past bug reports, and 740 manually written 

regression tests. Test accounts contained artificial records only. Traces with personal data, missing 

steps, or service failures that could not be repeated were removed. Each sample was a 

requirement–interface task pair. A task represented a complete user flow, such as login, product 

search, appointment booking, payment confirmation, or form submission. 

 

2.2. Experimental Design and Control Conditions 

TestNav-Agent was compared with a single-agent script generator. TestNav-Agent used 

separate agents for screen analysis, user-path planning, script writing, result checking, and test 

repair. The control model received the same task requirements and interface data, but wrote the 

test script in one step. Both systems used the same language model, model version, prompt length, 

test data, and execution environment. For each task, the two scripts ran in the same browser 

version or mobile-emulator image. No script was changed by a human before the first run. Each 

script ran 100 times to measure execution stability. This design allowed a direct comparison 

between the multi-agent process and direct script generation. 

 

2.3. Measurement Procedures and Quality Control 

Screen information was collected from DOM trees, accessibility labels, screenshots, visible 

text, and user-event records. The expected result for each task was defined from the written 

requirement and the related manual regression test. The result checker examined page changes, 

displayed messages, form values, saved records, and error states. Each run used a new browser 

profile or a clean mobile-emulator state. Test data were reset before execution, and the network 

setting was kept the same. Failures were marked as functional failures, selector failures, timing 

failures, or environment failures. Environment failures were recorded separately and rerun after 

the test service recovered. Two test engineers checked selected execution records independently. 

Any disagreement was resolved by reviewing the original requirement and screen record. 

 

2.4. Data Processing and Model Formulation 

User actions were arranged by time and linked to the related screen state. Repeated events 

were removed before analysis. Temporary IDs, timestamps, and page values that changed between 

runs were masked before selector generation. Critical-path coverage was calculated as: 

CPC=
1

Npath
∑ I

Npath

i=1
(Ci=1) 



where Npath is the number of critical user paths, and Ci=1 means that script i completed 

the required path and passed the result checks. The flaky failure rate was calculated as: 

FFR=
1

NtestR
∑ ∑ ⬚

R

r=1

Ntest

i=1
I(Fi,r=1) 

where Ntest is the number of generated scripts, R=100 is the number of repeated runs, and 

Fi,r=1 means that script i failed inconsistently in run r. A lower FFR value indicates more stable 

test execution. 

 

2.5. Outcome Measures and Statistical Analysis 

The study measured critical-path coverage, flaky failure rate, detected past bugs, newly found 

interface defects, selector failures, and maintenance time after an interface change. A past bug was 

counted when a generated script reproduced a recorded regression issue. A new defect was 

counted only after staging review confirmed that it was caused by the application. Maintenance 

time was measured from the interface change to the first successful run of the updated script. 

TestNav-Agent and the control model were compared for each requirement–interface task pair. 

The results were reported as mean values, percentage changes, and 95% bootstrap confidence 

intervals from 1,000 resamples. 

 

3. Results and Discussion 

3.1. Critical-Path Coverage and Script Execution 

TestNav-Agent completed 76.8% of the critical user paths. The direct script-generation 

model completed 54.2%. The difference was 22.6 percentage points. The main reason was the 

task-planning step. TestNav-Agent used the current screen state and the task requirement to 

choose the next action. The direct model wrote the script from the requirement in one step. 

TestNav-Agent completed more multi-step tasks, including login, search, booking, payment, and 

form submission [25,26]. Fig. 1 shows a related web-testing process that extracts page information 

before script execution. TestNav-Agent also used accessibility labels, screenshots, event records, 

and result checks. These inputs helped when DOM data did not fully describe the user task. 



 

Fig. 1. Steps for collecting page data, creating test scripts, and running web UI tests. 

 

3.2. Repeated-Run Stability and Selector Repair 

The flaky failure rate was 4.1% for TestNav-Agent and 13.5% for the direct model across 

100 runs. This was a 69.6% relative decrease. The repair agent changed unstable selectors and 

added wait conditions when page elements appeared late or changed after data updates. In 

dynamic interfaces, element-location failures decreased by 62.4%. Many test-generation methods 

report whether a script passes once. This result shows that a single successful run is not enough to 

judge script quality [27,28]. Repeated execution is needed because timing, page loading, and 

changing elements can cause later failures. 

 

3.3. Bug Detection and Result Checks 

TestNav-Agent detected 37 recorded regression bugs and 11 new interface defects during 

staging tests. The result checker did not only confirm that an element could be clicked. It also 

checked page changes, saved values, validation messages, and error states. Fig. 2 shows how GUI 

actions can be linked to expected screen states during test generation. This type of checking can 

find cases in which a page opens but shows the wrong value or moves to the wrong state. Scripts 

that only check page loading or element presence may miss these problems. The added checks 

were useful for healthcare booking and financial service tasks, where an incorrect page state may 

affect an appointment or transaction. 



 

Fig. 2. Process for reusing GUI tests by matching similar actions and creating new tests. 

 

3.4. Maintenance Time and Study Limits 

After interface changes, the mean maintenance time decreased from 19.6 min to 8.3 min per 

test case. This was a 57.7% reduction. TestNav-Agent kept the original task goal and searched for 

a new element when the old selector no longer worked. Earlier GUI test-reuse methods mainly 

transfer a test from one application to another application with similar functions. TestNav-Agent 

repaired a test after a new version of the same interface was released. The study included 52 

interfaces in a controlled test setting. The results may differ for desktop software, unstable 

networks, large continuous-integration systems, or device-specific mobile functions [29,30]. Later 

studies should test more applications and longer update periods. 

 

4. Conclusion 

This study tested TestNav-Agent for generating web and mobile UI test scripts. The system 

used screen analysis, task planning, script writing, result checks, and script repair. It covered 76.8% 

of critical user paths, while the direct model covered 54.2%. The flaky failure rate decreased from 

13.5% to 4.1%. Selector-location failures in dynamic pages decreased by 62.4%. TestNav-Agent 

also found 37 recorded regression bugs and 11 new interface defects. The mean maintenance time 

after an interface change decreased from 19.6 min to 8.3 min per test case. The findings show that 

UI test generation should not be judged by one successful run. It should also be judged by path 

coverage, repeated-run stability, result checks, and maintenance time. The method can support 

regression testing in web and mobile development. This study included 52 interfaces in a 

controlled test setting. Later work should test more applications, devices, network conditions, and 

continuous-integration environments. 
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