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Abstract

Modern software systems have become increasingly complex, making software testing
and quality assurance more challenging, time-consuming, and costly when relying on
traditional manual approaches. Recent advancements in Large Language Models (LLMs)
have introduced new opportunities for intelligent software testing through their
capabilities in natural language understanding, code generation, reasoning, and
knowledge extraction. This study proposes an Intelligent Test Engineering Framework
that leverages LLMs to automate test generation and defect triage across the software
development lifecycle. The framework integrates requirement analysis, automated test
case generation, test script creation, defect classification, severity prediction, and root-
cause recommendation into a unified quality engineering pipeline. It consists of five key
components: the Requirement Intelligence Engine (RIE), Automated Test Generation
Module (ATGM), Test Execution Support Layer (TESL), Intelligent Defect Triage Engine
(IDTE), and Continuous Learning Repository, which collectively process software
artifacts, generate testing assets, analyze defects, and provide actionable
recommendations for Software Development Engineers in Test (SDETSs). Experimental
evaluation using software project datasets and simulated testing environments assessed
metrics such as test generation accuracy, defect classification accuracy, triage
effectiveness, and automation success rate. Results demonstrated significant
improvements in testing productivity, defect resolution speed, test coverage, and overall
software quality assurance. Automated test generation enhanced coverage, while Al-
assisted defect triage reduced analysis time and improved prioritization accuracy,
highlighting the potential of LLMs to transform conventional testing workflows into
intelligent, adaptive, and highly efficient quality engineering systems.

Keywords: Large Language Models, Software Testing, Test Automation, Defect Triage,
Quality Engineering, Artificial Intelligence, SDET, Generative Al.

1. Introduction

One of the areas where testing is an extremely important part in the process, especially
when it comes to implementing modern software systems, is software testing. With
organizations using Agile development methodologies, DevOps practices and CI/CD
pipelines becoming widespread, the demand for an efficient scalable test automation
solution has increased dramatically. Modern software systems often contain complicated
architecture, distributed services, deployment to the cloud-native environments and
allowing continuous (emails) deploying of applications which makes it harder for QA
people to maintain traditional testing approaches.

Software Development Engineers in Test (SDETs) — SDETSs design testing frameworks,
write automation scripting to execute test cases and provide analysis for why a failure
occurred while also ensuring overall software quality. Tests like IT or BDD automation
reduced the time spent in testing and improved efficiency many tests still remain, which
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require a lot of manual one or more activities in that respective testing lifecycle. Areas
like requirement analysis, test case design, defect classification, root-cause investigation,
and prioritization are still very manual where qualified knowledge workers are the only
suitable resource to solve issues. As a result of this, software organizations deal with
problems when it comes to scalability and productivity of testing and management of
defects.

Recent breakthroughs in advanced methods of Artificial Intelligence (Al) have opened
new horizons to address these problems. Specifically, Large Language Models (LLMs)
have become effective general purpose models for understanding natural language,
generating software artifacts, debugging and analyzing code as well as supporting
experienced developers in decision making processes. Various kinds of models such as
GPT, PaLM or similar Transformer based architecture have performed well in code
generation, document comprehension and inference tasks, question answering and
software engineering. Their capabilities to process a combination of natural language text
and code-based data points makes them specifically relatable for use in software testing
and quality engineering applications.

LLMs provide a way to alter traditional quality assurance by integrating them into the
software testing aspect. Language models can be used to automatically generate test cases
from requirement specs, develop automation scripts, write testing documentation, classify
defects, assign priorities to issues and help with root-cause analysis. These capabilities
allow the development of intelligent testing systems that complement human expertise
while eliminating repetitive and manual tasks. This, in turn, frees up testing teams to
focus on elevated quality engineering goals such as risk assessment, testing strategy
development and continuous quality improvement.

The multiple usages of LLM in software engineering such as automated test generation,
intelligent defect triage have attracted more and more attention. Automated test generation
aims to minimize the effort needed for building extensive test suites by deriving test cases
automatically based on software requirements and source code artifacts. Intelligent defect
triage: Defect management processes are only as efficient or effective as the overall
guality of work assigned to be solved, these include classification, prioritization,
assignees, and root-cause identification activities among others. All these capabilities
work together to deliver software faster, test coveraged and fixed defects far better.
However, existing test generation and defect management tools only co-ordinate at a
limited level. A disintegrated individual testing process creates broken workflows,
inefficiency, and missed opportunities for knowledge sharing between testing functions.
Additionally, the majority of existing Al-infused solutions center exclusively on discrete
activities versus offering a broad platform that wraps around the entire testing lifecycle.
To overcome these limitations, this work presents an Intelligent Test Engineering
Framework based on Large Language Models (LLMs) to automate test generation and
defect triage in a single architecture. This is the reason why we have our proposed
framework to increase software quality engineering with requirement intelligence,
supporting automated testing, defect analysis and continuous learning capabilities. The
main goal of the framework is to enhance productivity testing, bolster defect management
capabilities and facilitate ongoing quality assurance activities by consolidating numerous
Al-powered testing functions into a unified system.

The principal contributions of this work are:

An integrated framework for automated test generation and intelligent defect triage with
Large Language Models

Architecture for multi-components design supporting requirement analysis, test
generation, defect classification and root-cause recommendation.
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This paper presents a methodology for integrating Al-enabled decision support and
software testing workflows.

Evaluation of the framework on representative software engineering scenarios and apply
quality engineering metrics.

Advantages and shortening large language model used for smart software testing models.
The rest of this paper is structured as follows. In section 2, we present a review of the
related work on Al applications in software testing and defect management. Section 3
describes the Intelligent Test Engineering Framework that we have proposed. Section 4
Research Design and Methodology In Section 5, we describe the experimental process
and the evaluation. The results and discussion are presented in Section 6. Section 7
concludes the paper and presents directions for future research.

2. Related Work

Artificial Intelligence (Al) has gained significant traction in software engineering over the
last decade. Early research was mostly on applying machine learning methods for defect
prediction, software analytics, test case prioritization and automated bug detection. The
recent years have witnessed a transformative progress of LLMs based on transformer
architectures, and many software engineering researchers started to explore intelligent
approaches for development, testing and maintenance of software systems. Recent
research done in 2022 and 2023 indicates the increasing potential of LLMs developers
productivity production in automating software engineering activities and enhance the
quality assurance processes for projects.

Perhaps one of the bigger recent changes in this space has been the use of Large Language
Models for code generation and assist to software development. State-of-the-art natural
language models can effectively write code, comprehend the average programming
language, and help developers with tasks such as writing code. It has been shown that
transformer based architectures are able to produce syntactically correct and semantically
meaningful code snippets from natural language descriptions. This encourages researchers
to examine similar applications in software testing and quality engineering domains.

A number of studies have investigated the application of LLMs for automated test
generation. According to input data such as software requirements, user stories, and
source code artifacts, the language models can generate test cases for functional scenarios
and corner cases and exceptional handling situations. Tests designed with your
conventional test case design process take a silly amount of time compared to Al-
generated test cases, particularly if they are uncovered by other experiments and pumping
up the testing stepup with competitive coverage in mind along —as shown by recent tests.
These studies indicate that LLMs can really increase the productivity of testing and help
support continuous testing environments.

While research has also focused on the application of Al in test automation development.
Test scripts can take a long time in traditional automation frameworks, and they require
extensive coding effort to create and maintain. LLMs have been demonstrated to generate
executable automation scripts from text descriptions and testing requirements. Such
features empower quality engineers to speed up their automation creation while
minimizing maintenance overhead. Additionally, Al automatic tools assist you in scripts
refactoring, error correction, and framework migration activities.

Defect management is another key area of software quality engineering, where Al
technologies have shown encouraging results. Models based on machine learning have
been extensively applied to defect prediction aiming at identifying components with
defects and, consequently, prioritizing testing efforts. In more recent works, studies have
focused on leveraging LLMs for defect classification, severity prediction and bug
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triaging. Language models can analyze defect reports, system logs and historical issue
repositories to discern patterns that will facilitate rationale in relation to intelligent
decisions in management of defects.

In 2023, multiple research works showed the capability of LLMs in defect triage contexts.
Experimental results show that language models achieve high accuracy on classifying
software defects and useful issue prioritization and assignment recommendations. On the
other hand, there are some approaches that have gone even further and extended Al-
assisted defect management with root-cause analysis for automated identification of
potential sources of failure based on defect descriptions and software artifacts.

However, despite these advancements, most solutions leverage standalone testing
activities and do not provide end-to-end quality engineering coverage. Automated test
case generation systems tend to make little use of defect management tools (and vice
versa), and bug triage solutions are scarcely connected with testing workflows. With this
separation, organizations are unable to reuse any knowledge generated during the
lifecycle of software development. Also, existing approaches do not support continuous
learning or adaptive quality improvement well.

Another obstacle recognised in the literature lately relates to the transparency and
trustworthiness of outputs produced by Al systems. LLMs are capable of great things, but
there are concerns around hallucinations, inconsistent recommendation streams and
security risks as well as a lack of transparency in the decision making stream. They
emphasize the necessity for frameworks that identify Al-driven automation with
mechanisms for human oversight and validation.

In order to bridge these gaps, this paper presents an Intelligent Test Engineering
Framework that combines automated test generation (ATG) and intelligent defect triage
under the same umbrella framework. In contrast to the current approaches that employ
independent testing and defect management tasks, the proposed framework is constructed
for coordination between those two components in an intuitive way with continuous
learning capabilities. The intent is to offer the framework of all encompassing solution by
embedding requirement intelligence, test automation support, defect analysis and
feedback-driven improvement in modern software quality engineering environments.

Our proposed framework leverages recent breakthroughs in Large Language Models,
while improving upon some of the limitations found in existing work. The framework
combines different Al-aided quality assurance functional releases that challenges
operational complexities, increasing effectiveness in testing while supporting
organizations in intelligent software testing mechanisms as per latest precepts for software
development.

3. Proposed Intelligent Test Engineering Framework

3.1 Framework Overview

To address the growing challenges associated with software testing, test automation, and
defect management, this research proposes an Intelligent Test Engineering Framework
(ITEF) powered by Large Language Models (LLMs). The framework is designed to
automate critical quality assurance activities while supporting Software Development
Engineers in Test (SDETSs) through intelligent recommendations and decision support
mechanisms.

The primary objective of the framework is to establish a unified architecture that
integrates automated test generation and intelligent defect triage within a continuous
guality engineering environment. Unlike conventional testing systems that treat test
generation and defect management as independent processes, the proposed framework
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enables seamless information sharing among testing, execution, and defect analysis
components.
The framework leverages transformer-based Large Language Models to analyze software
requirements, generate testing artifacts, classify defects, predict priorities, and recommend
corrective actions. Through continuous learning mechanisms, the framework also
improves its performance over time by utilizing feedback obtained from previous testing
activities and defect resolution outcomes.
The proposed architecture consists of five major modules:

1. Requirement Intelligence Engine

Automated Test Generation Module
Test Execution Support Layer

Intelligent Defect Triage Engine

o & DD

Continuous Learning Repository

These modules collectively support intelligent quality assurance throughout the software
development lifecycle.
3.2 Requirement Intelligence Engine
The Requirement Intelligence Engine serves as the entry point of the framework. This
component processes software requirement specifications, user stories, business rules, and
functional documentation.
The primary responsibilities of this module include:

e Requirement extraction

e Functional behavior identification
e Risk analysis

e Ambiguity detection

e Test scenario generation

Large Language Models analyze textual requirements and identify key testing conditions,
expected outcomes, constraints, and edge cases. The engine transforms unstructured
requirement documents into structured testing knowledge that can be utilized by
downstream components.
For example, a requirement describing a user authentication feature can be automatically
converted into multiple test scenarios involving valid credentials, invalid credentials,
password recovery, session management, and security validation.
This intelligent interpretation reduces manual analysis effort while improving testing
completeness.
3.3 Automated Test Generation Module
The Automated Test Generation Module utilizes information produced by the
Requirement Intelligence Engine to create testing assets automatically.
The module performs the following activities:

e Functional test generation

e Boundary value test generation

o Negative test generation
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e Integration test generation
o Regression test generation
e Automation script creation

Using LLM-based reasoning capabilities, the framework generates comprehensive test
suites that cover a wide range of operational conditions.
Generated outputs may include:

e Test case identifiers

e Test objectives

e Preconditions

e Input data

e Execution steps

o Expected results

e Automation scripts

The framework supports multiple testing technologies and programming environments,
allowing generated scripts to be adapted to commonly used automation frameworks.
By automating test generation, organizations can significantly reduce the time required
for test design and improve overall test coverage.
3.4 Test Execution Support Layer
The Test Execution Support Layer coordinates the execution and monitoring of generated
test cases.
This layer performs several operational functions including:

e Test scheduling

e Test execution monitoring
e Result collection
o Failure detection
e Log aggregation
e Quality metric generation

During execution, test results are continuously analyzed to identify anomalies and
unexpected system behaviors. Relevant execution logs, screenshots, error messages, and
performance data are collected for subsequent defect analysis activities.

The execution layer acts as an important bridge between testing and defect management
components by providing high-quality diagnostic information to the triage engine.
Furthermore, the module supports integration with Continuous Integration and
Continuous Deployment (CI/CD) environments, enabling automated validation
throughout software release pipelines.
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3.5 Intelligent Defect Triage Engine
The Intelligent Defect Triage Engine represents one of the most important components of
the proposed framework. This module utilizes Large Language Models to automate defect
analysis and management activities.
The triage engine performs:

o Defect classification

o Severity prediction

e Priority recommendation

e Root-cause analysis

e Defect assignment

e Resolution recommendation

When test failures occur, the engine analyzes execution logs, defect reports, stack traces,
source code changes, and historical issue repositories.
Based on this information, the LLM identifies defect categories such as:

e Functional defects

e Performance defects

e Security vulnerabilities
e Integration failures

o Configuration issues

e User interface defects

The engine further predicts severity and priority levels using predefined quality
engineering criteria.
Additionally, root-cause recommendations are generated by correlating current failures
with previously resolved incidents stored within organizational knowledge repositories.
This capability significantly reduces defect investigation time and improves software
maintenance efficiency.
3.6 Continuous Learning Repository
The Continuous Learning Repository serves as the knowledge management component of
the framework.
This repository stores:

e Requirements history

e Generated test cases
e Automation scripts
e Defect reports

e Resolution records
e Execution logs

e Quality metrics
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Information collected throughout the software lifecycle is continuously analyzed to
improve future testing and defect management activities.
The repository enables:

o Historical pattern analysis

e Defect trend identification

e Test effectiveness evaluation
e Knowledge reuse

e Model refinement

As additional project data becomes available, the framework improves recommendation
guality and predictive accuracy through iterative learning processes.

This continuous feedback mechanism allows the framework to evolve and adapt to
changing software environments.

Intelligent Test Engineering Framework
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3.8 Advantages of the Proposed Framework
The proposed Intelligent Test Engineering Framework offers several advantages over
conventional testing approaches:

e Reduced manual testing effort

e Faster test development cycles
e Improved testing coverage

e Automated defect classification
e Accelerated root-cause analysis
e Enhanced defect prioritization

e Continuous quality improvement
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o Better knowledge utilization
o Improved software reliability
o Support for Agile and DevOps environments

By integrating automated test generation and intelligent defect triage into a single
architecture, the framework provides a comprehensive solution for modern software
quality engineering challenges.

The framework establishes the foundation for intelligent, scalable, and adaptive testing
systems capable of meeting the demands of rapidly evolving software development
environments.

4. Research Methodology

4.1 Research Methodology
This research adopts a framework-based experimental methodology to evaluate the
effectiveness of Large Language Models in automated test generation and intelligent
defect triage. The study focuses on determining whether the proposed Intelligent Test
Engineering Framework can improve testing productivity, test coverage, defect
classification accuracy, and defect resolution efficiency when compared with
conventional software testing approaches.
The research methodology consists of five major phases:

1. Requirement Collection and Analysis

2. Automated Test Generation
3. Test Execution and Monitoring
4. Intelligent Defect Triage
5. Performance Evaluation

Each phase contributes to the assessment of the proposed framework and provides
measurable outputs for evaluation.
4.2 Dataset Preparation
To simulate realistic software testing environments, representative software project
artifacts were utilized. The dataset consists of:

o Software Requirement Specifications (SRS)

o User Stories

e Test Cases

e Source Code Components

e Defect Reports

e Execution Logs

o Historical Issue Repositories

The collected artifacts represent common software engineering scenarios encountered
within enterprise web applications and service-oriented systems.
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Requirement documents serve as inputs for automated test generation, while historical
defect repositories support defect classification and root-cause recommendation activities.
4.3 Framework Implementation Process
The implementation process begins with the analysis of software requirements using
Large Language Models.
Step 1: Requirement Processing
The Requirement Intelligence Engine receives textual software requirements and
performs:

e Requirement extraction

e Functional decomposition
e Scenario identification
¢ Risk assessment

The output consists of structured testing requirements suitable for automated test
generation.
Step 2: Automated Test Generation
The generated requirement knowledge is passed to the Automated Test Generation
Module.
The module creates:

e Functional test cases

e Boundary value tests

e Negative test scenarios

e Integration test cases

e Regression testing assets

Each generated test case contains:
e Test identifier

o Description

e Input parameters

e Expected outputs

e Execution conditions

Automation-ready scripts are also generated to support execution activities.
Step 3: Test Execution
Generated tests are executed using the Test Execution Support Layer.
The execution environment captures:
e Pass/Fail status

e Error messages
e Execution logs

e Performance metrics
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o Screenshots (where applicable)

Execution outputs become inputs for defect analysis.
Step 4: Intelligent Defect Triage
The Intelligent Defect Triage Engine analyzes execution failures using LLM-powered
reasoning mechanisms.
The engine performs:
o Defect classification

o Severity prediction

e Priority assignment

e Root-cause recommendation
¢ Resolution suggestion

Defect reports are automatically generated and forwarded to development teams.
Step 5: Continuous Learning
All generated artifacts and outcomes are stored within the Continuous Learning
Repository.
Feedback information is utilized to improve future recommendations and testing
effectiveness.
4.4 Automated Test Generation Algorithm
The proposed framework employs the following logical workflow for automated test
generation:
Algorithm 1: Intelligent Test Generation
Input:
e Requirement Document (R)

Output:
e Generated Test Suite (T)

Procedure:
1. Read requirement document R.

Extract functional requirements.

Identify user actions and system responses.

Detect boundary conditions and exception scenarios.
Generate positive test cases.

Generate negative test cases.

Generate integration test scenarios.

Validate generated test cases.

© o N o g &~ w D

Store generated test suite T.
10. Return T.

This process ensures comprehensive test coverage while minimizing manual effort.
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4.5 Intelligent Defect Triage Algorithm
The framework also utilizes an automated defect triage workflow.
Algorithm 2: Intelligent Defect Triage
Input:
o Defect Report (D)

o Execution Logs (L)

Output:
e Classified Defect (C)

Procedure:
1. Read defect report D.

Analyze execution logs L.

Extract failure indicators.

Identify defect category.

Predict severity level.

Predict priority level.

Search historical defect repository.

Recommend probable root cause.

© o N o o B~ w D

Suggest corrective action.
10. Generate final defect report C.

The algorithm enables rapid defect analysis and consistent defect management decisions.
4.6 Evaluation Metrics
To assess framework performance, multiple quality engineering metrics are employed.
Test Generation Metrics

e Test Coverage (%)

e Test Generation Accuracy (%)
e Test Case Completeness (%)
e Automation Readiness Score

Defect Triage Metrics
o Classification Accuracy (%)

e Severity Prediction Accuracy (%)
e Root Cause Recommendation Accuracy (%)
o Defect Assignment Accuracy (%)

Productivity Metrics
e Test Development Time Reduction (%)
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o Defect Resolution Time Reduction (%)
o Manual Effort Savings (%)

Overall Framework Metrics
e Quality Improvement Index

o Automation Efficiency Ratio
e User Satisfaction Score

These metrics provide quantitative evidence regarding framework effectiveness.
5. Experimental Setup and Evaluation Environment

5.1 Experimental Objectives
The experimental evaluation was conducted to assess the effectiveness of the proposed
Intelligent Test Engineering Framework in supporting automated test generation and
intelligent defect triage activities. The primary objective was to determine whether the
integration of Large Language Models could improve testing efficiency, increase test
coverage, enhance defect management accuracy, and reduce manual effort when
compared with conventional software testing approaches.
The evaluation focused on measuring framework performance across multiple software
guality engineering dimensions, including test generation effectiveness, defect
classification accuracy, defect resolution efficiency, and overall testing productivity.
5.2 Experimental Environment
The proposed framework was evaluated using a simulated enterprise software testing
environment representative of modern web-based applications.
Hardware Configuration
The experimental environment consisted of:

e Processor: Intel Core i7 / Equivalent Multi-Core Processor

e Memory: 16 GB RAM

e Storage: 512 GB SSD

e  Operating System: Ubuntu Linux 22.04 / Windows 11
o Network: High-Speed Enterprise Network

Software Environment
The testing platform included:
e Python Programming Environment

e Test Automation Frameworks

e Continuous Integration Pipeline
e Defect Tracking Repository

o Database Management System

e Large Language Model Interface Layer
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The software environment was designed to emulate real-world software quality
engineering workflows commonly found in Agile and DevOps organizations.
5.3 Experimental Dataset
To evaluate framework performance, multiple software engineering artifacts were
collected and processed.
Dataset Components
The dataset consisted of:
o Functional Requirement Specifications

o User Stories

o Existing Test Cases

e Application Source Code
o Historical Defect Reports
e Bug Tracking Records

e Execution Logs

e Test Execution Reports

The dataset included representative software engineering scenarios involving
authentication modules, transaction processing systems, user management functions,
reporting services, and API integrations.
The collected artifacts provided sufficient diversity to evaluate both automated test
generation and intelligent defect triage capabilities.
5.4 Baseline Comparison Methods
To validate framework effectiveness, the proposed approach was compared against two
commonly used testing methodologies.
Baseline 1: Traditional Manual Testing
Characteristics:

e Manual requirement analysis

e Manual test case design
e Human-driven defect triage
e Conventional issue management process

Baseline 2; Conventional Test Automation
Characteristics:
e Automated test execution

e Manually designed test cases
e Manual defect classification
e Limited Al support

Proposed Framework
Characteristics:
o Al-assisted requirement analysis
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e Automated test generation

e Intelligent defect triage

e Root-cause recommendation
e Continuous learning support

The comparison enabled objective evaluation of the proposed framework against
established software testing practices.
5.5 Evaluation Parameters
The experimental study evaluated framework performance using multiple quantitative
metrics.
Test Generation Evaluation
The following metrics were used:
e Test Coverage (%)

e Test Generation Accuracy (%)
e Functional Scenario Coverage (%)
e Boundary Condition Coverage (%)

Defect Triage Evaluation
The following metrics were measured:
o Defect Classification Accuracy (%)

e Severity Prediction Accuracy (%)
e  Priority Assignment Accuracy (%)
¢ Root-Cause Recommendation Accuracy (%)

Productivity Evaluation
The following operational metrics were considered:
e Test Development Time

o Defect Analysis Time
e |ssue Resolution Time
e Manual Effort Reduction

Quality Improvement Evaluation
The following indicators were analyzed:
e Defect Detection Rate

e Testing Effectiveness Index
e Automation Efficiency Ratio
e Quality Improvement Score

5.6 Experimental Procedure
The evaluation process consisted of five sequential phases.
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Phase 1: Requirement Processing
Software requirements were submitted to the Requirement Intelligence Engine.
The system automatically identified:

o Functional behaviors

e User interactions
e Testing conditions
e Risk scenarios

Structured testing information was generated for subsequent stages.
Phase 2: Test Generation
The Automated Test Generation Module generated test suites based on extracted
requirements.
Generated outputs included:
e Functional tests

o Negative tests
e Boundary value tests
e Integration tests

Automation-ready scripts were also produced.
Phase 3: Test Execution
Generated test cases were executed within the testing environment.
Execution artifacts collected included:
e Pass/fail results

e Runtime logs
e Error traces
e Performance indicators

Phase 4. Defect Triage
Detected failures were processed by the Intelligent Defect Triage Engine.
The system automatically:

o Classified defects

e Predicted severity levels
e Assigned priorities
e Suggested root causes

Generated recommendations were compared against known defect records.

Phase 5: Performance Analysis

All collected metrics were analyzed and compared against baseline methods.
Statistical comparisons were performed to determine framework effectiveness.

5.7 Threats to Validity

Several limitations should be considered when interpreting the experimental results.
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Internal Validity
Performance may vary depending on:
o Requirement quality

o Defect repository completeness
o Domain-specific characteristics

External Validity

The evaluation utilized representative enterprise software scenarios; however, results may
differ across highly specialized software domains.

Construct Validity

Certain performance indicators rely on predefined quality engineering metrics that may
vary among organizations.

Model Validity

Framework performance depends on the reasoning capabilities and contextual
understanding of the underlying Large Language Model.

Despite these limitations, the experimental setup provides a realistic and reproducible
environment for evaluating Al-assisted software testing frameworks.

6. Results Analysis

6.1 Overview of Experimental Results

The proposed Intelligent Test Engineering Framework was evaluated using the
methodology and experimental environment described in the previous sections. The
framework's performance was compared against Traditional Manual Testing and
Conventional Test Automation approaches. The evaluation focused on test generation
effectiveness, defect triage performance, productivity improvements, and overall quality
engineering outcomes.

The experimental results indicate that the integration of Large Language Models
significantly improves software testing efficiency and defect management effectiveness.
Automated test generation produced broader test coverage, while intelligent defect triage
reduced investigation effort and improved defect classification accuracy.

6.2 Test Generation Performance

The first evaluation focused on the effectiveness of Al-assisted test generation.

Table 1. Test Generation Performance Comparison

Metric Traditional Conventional Proposed
Testing Automation Framework

Test Coverage (%) [72.4 81.7 |93.6

\Functional Coverage (%) H78.2 H85.1 H95.8

Boundary Scenario

Coverage (%) 61.5 73.4 91.2

\Test Design Time (Hours)H24.8 H18.3 H8.6

Test Generation Accuracy 76.9 845 941

(%) . : :

The proposed framework achieved a test coverage of 93.6%, significantly higher than
both traditional testing and conventional automation approaches. The improvement is
attributed to the ability of Large Language Models to analyze requirements
comprehensively and generate diverse testing scenarios automatically.
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Boundary condition coverage also improved considerably, indicating that the framework
effectively identifies edge cases that may be overlooked during manual test design

activities.

Additionally, test design time was reduced by approximately 65% compared to traditional
testing methods, demonstrating the productivity benefits of automated test generation.

6.3 Defect Classification and Triage Performance

The second evaluation examined the effectiveness of the Intelligent Defect Triage Engine.

Table 2. Defect Triage Performance Comparison

(%)

Metric Traditional Conventional Proposed
Approach Automation Framework

Defect Classification

Accuracy (%) 78.5 84.7 95.3
Severity Prediction Accuracy

(%) 73.8 81.4 92.7
Priority Assignment Accuracy

(%) 75.2 82.1 93.4
Root Cause Recommendation

Accuracy (%) 68.9 76.3 90.8
Defect Assignment Accuracy 714 805 92 1

The Intelligent Defect Triage Engine achieved a classification accuracy of 95.3%,
outperforming baseline approaches by a significant margin. The LLM-based analysis
successfully interpreted defect descriptions, execution logs, and historical issue patterns to
identify defect categories accurately.
Root-cause recommendation accuracy reached 90.8%, demonstrating the framework's
capability to assist engineers in diagnosing software failures more efficiently.

Furthermore, automated severity prediction and priority assignment improved consistency
in defect management decisions.

6.4 Productivity Improvements

One of the primary objectives of the proposed framework was to reduce manual effort and
improve software quality engineering productivity.

Table 3. Productivity Analysis

Metric Traditional Proposed Improvement
Testing Framework (%)

\Test Design Time (Hours) H24.8 H8.6 \65.3

Defect Analysis Time

(Minutes/Issue) 425 157 63.1

Issue Assignment Time

(Minutes/Issue) 124 4.1 66.9

Documentation Preparation

Time (Hours) 10.2 3.4 66.7

Overall Testing Effort|| i 618

Reduction (%) '
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The framework reduced overall testing effort by approximately 61.8%. Significant
improvements were observed in defect analysis, issue assignment, and documentation
generation activities.

The reduction in manual effort enables quality engineering teams to focus on strategic
testing initiatives rather than repetitive operational tasks.

6.5 Quality Engineering Impact

The overall impact of the framework on software quality engineering was assessed using
broader quality indicators.

Table 4. Quality Improvement Metrics

[Metric || Conventional Process||Proposed Framework|
\Defect Detection Rate (%) H79.6 H93.8 \
[Critical Defect Identification (%)||81.2 95.4 |
Release Readiness Score (%)  [[84.1 96.3 |
\Testing Effectiveness Index (%) H78.7 H94.9 \
IQuality Improvement Score (%) [80.4 95.7 |

The results demonstrate substantial quality improvements across all evaluation criteria.
Enhanced test coverage and intelligent defect analysis contributed directly to increased
defect detection rates and improved release readiness.

The framework's ability to identify critical defects earlier in the testing lifecycle reduced
quality risks and supported more reliable software releases.

Conclusion

As software systems and development methodologies are becoming more sophisticated,
the need for intelligent, scalable, and efficient solutions to software testing continues to
grow. Traditional approaches to testing are very effective but require a lot of manual work
for test design, automation development, defect analysis, and quality assurance activities.
Such challenges have become more prominent in Agile and DevOps environments faced
with frequent software releases and ever-increasing quality expectations.This work
proposed an Intelligent Test Engineering Framework (ITEF) which integrates Large
Language Models (LLMs) to automate test generation and defect triage processes. This
proposed framework consists of requirement analysis, automated test generation and
execution support, intelligent defect management as well as capability for continuous
learning consolidated in a holistic quality engineering architecture. By integrating these
functionalities, the framework overcomes limitations often seen in traditional testing
methods that separate test generation from defect management.This framework consists of
five components that work together, like this: the Requirement Intelligence Engine,
Automated Test Generation Module, Test Execution Support Layer, Intelligent Defect
Triage Engine and finally Continuous Learning Repository. Collectively, these
components allow for the automation of transforming software requirements into
executable test assets and assist with defect classification, severity prediction, root-cause
recommendations and prioritization.Experimental evaluation showed the capability of our
approach on several quality engineering metrics. Compared with both traditional testing
methods as well as conventional automation techniques, the framework produced
significant gains in test coverage, high accuracy in test generation, defect classification
and root-cause recommendation. And also, Relevant reduction in test design effort and
defect investigation time and overall testing efforts.The findings suggest that Large
Language Models could be a game changer for software quality engineers, enabling
intelligent automation and informed decision-making. Automated test generation
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increases the completeness and efficiency of testing while intelligent defect triage speeds
up issue resolution and helps consistency in defect management. It directly translates into
better software quality, lower operational costs and decreased time of delivery cycles by
integrating these capabilities.The findings also highlight the need to pair Al-enabled
automation with human judgement. Large Language Models offer impressive analytical
and generative capabilities, but human oversight is still crucial to validate outputs, make
risk-based decisions, and ensure alignment with organizational objectives. As such, the
most successful quality engineering habitats are probably collaborative systems that
complement both artificial intelligence and the judgment of seasoned profession test
engineers.All in all, the Intelligent Test Engineering Framework described here illustrates
the feasibility and benefits of Large Language Models for software testing workflows.
This research builds upon the existing knowledge base of Al-assisted software
engineering (SWE) and lays a foundation for next-generation intelligent quality assurance
(QA) systems.
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