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Abstract
This study examined the role of generative artificial intelligence in transforming
software engineering, particularly software development, testing, and intelligent
automation. A descriptive mixed-method research design was used, and data were
collected from a sample of 120 respondents, including software developers,
software testers, software engineering students, system analysts, project managers,
and DevOps or automation engineers. The results showed strong awareness of
generative AI among respondents. Generative AI as a tool for faster software
development recorded a mean score of 4.28, while its role in changing the future
role of software engineers also recorded 4.28. Code completion was the most
adopted AI activity, with a mean score of 3.27, followed by code generation with
3.22, documentation writing with 3.07, debugging support with 3.03, test-case
generation with 2.93, and DevOps automation with 2.78. The strongest
perceived benefit was increased developer productivity, with a mean score of 4.32,
followed by reduced repetitive coding tasks with 4.25 and faster software delivery
with 4.18. The major challenge was inaccurate AI-generated code, with a mean
score of 4.28, followed by security vulnerabilities with 4.23 and overdependence
on AI tools with 4.17. These findings suggested that adoption was strongest in
routine coding tasks and weaker in advanced automation areas. The study
concluded that generative AI supported faster, smarter, and more automated
software engineering, but human supervision, training, policy guidance, and
security validation remained essential for reliable professional practice.
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INTRODUCTION
With the introduction of generative

artificial intelligence (AI), we are in the

midst of a revolution in the software

engineering sector, fundamentally

changing the methods through which

software systems are designed, developed,

tested, maintained, and improved. In the

traditional software engineering,

requirement analysis, coding, debugging,

documentation and QA and maintenance

were largely manually done.

This process could be time

consuming and resource intensive,

particularly with the growth of software

systems becoming increasingly large,

complex and dynamic. The creation of

code, description of technical problems,

documentation, design improvement and

automated decision-making assistance

throughout the software development

process, blown up by generative AI, was a

new level of intelligent assistance. In recent

studies, large language models were used

for a variety of software engineering tasks

such as code generation, program repair,

code testing, code summarization, defect

detection, and software development

assistance (Hou et al., 2024).

But another dynamic is the developer-

software tool relationship, and the

introduction of generative AI has been a

gamechanger there. The existing software

engineering tools were mostly focused on

editing, compiling, versioning, testing, and

deployment, while the tools with

generative AI capabilities served as

interactive assistant systems engaging with

natural language inputs to produce

software outputs. The tools were employed

by the developers to convert ideas into

code, identify bugs, document code bases

they were unfamiliar with, and to remove

repetitive coding.

This is a shift in the methods of

manual work to human-AI collaboration

and the output produced by the Artificial

Intelligence was evaluated by the

developers. “AI-driven” was thus used to

characterize the future of Software

Engineering, in which software

professionals are increasingly exposed to

intelligent systems while interacting with

them during the requirements engineering,

design, implementation, test and

maintenance process (Terragni et al., 2025).

Another transformative area of software

company operations is productivity and
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innovation, which was also revolutionized

by Generative AI. Software vendors were

driven to deliver reliable software

applications fast, at lower development

cost, great user experience, and to fill

market demands. They were able to

accomplish these goals through the use of

Generative AI, which ultimately helped to

automate repetitive tasks and assisted

developers in handling more complex

issues. The study on generative AI

adoption in software engineering revealed

that the tools' functionality was not the

sole factor; they also needed to fit into the

current software development workflow,

had to be ready for the organization, and

had to be accepted by the humans (Russo,

2024).

The aim of this study was to delve

into the phenomenon of Generative AI

and its promise for the future of software

engineering. It highlighted the influence of

Generative AI in software development,

software testing, and intelligent

automation. The study also considered

opportunities and risks since the software

produced by AI must be validated, tested

and verified by humans for quality control,

security, ethical issues and verification.

Generative AI helped speed up

development time, but it also brought

some challenges including poor accuracy,

eroded security, dependence, and lack of

responsibility (Wong et al., 2023).

Background of the Study

The background of this research was

related to the large language model

training with natural language and

programming language. These models were

trained from massive software repositories,

documentation, programming examples

and technical conversations. This enabled

them to produce source code, finish

incomplete programs, translate source code

from one language to another, explain

algorithms, and help in the debugging

process. With the advent of the recent

code generation studies, the potential of

large language models for improving the

automation of programming tasks has been

established, as well as the possibilities for

new programs to be created using LLM, at

least when evaluated in a number of

programming languages and benchmark

tasks (Jiang et al., 2026).

One major area of interest was the

potential for generative AI, particularly in

code generation, where developers could

provide a task in natural language and get

ideas for code that they can run. This
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changed the activity from syntax-driven to

human intention and machine-driven

(Jiang et al., 2024).

In addition to software testing, the

other background topic that was significant

to this study was software development.

Testing was a very expensive and time-

consuming process because it entails

designing of test cases, running the tests,

detecting the defects and results

interpretation. With the advent of

Generative AI, there are new opportunities

for automated test generation, assertion

creation, test repair, and test coverage

improvement. The user responses, test

cases, and AI-generated code outputs

resulted in more accurate programs and

more reliable development processes, as

shown by the interactive test-driven code

generation, according to Fakhoury et al.

(2024).

Automated unit test generation was

also associated with the usage of generative

AI in software testing. The unit tests were

used to test a single software component

and see whether it works as it should; this

was time-consuming and technically

difficult to make by hand. The AI

generated tests were evaluated for their

capacity to automatically generate unit tests,

revealing that in several cases, AI-generated

tests provide greater levels of coverage. In

the same study, it was concluded that there

is a need for a few more tests to be

generated as incorrect tests, weak assertions,

and irrelevant test cases can reduce

software quality (Schäfer et al., 2024).

Research Problem

The primary research problem was that

generative artificial intelligence was quickly

making its way into the software

engineering field, and its future effects on

software development, testing and

intelligent automation were not known.

While numerous organizations have

embraced AI coding assistants for their

productivity gains, they have remained

concerned about reliability, security,

maintainability, accountability, and the

impact on developer skills. While AI-

generated code might save time, it also has

the potential to contain unexpected bugs

or vulnerabilities if developers blindly

adopt the suggested code without

verification. The study of software testing

using large language models revealed that

while AI tools assisted numerous testing

activities, there were still issues regarding

test quality, oracle generation, correctness,

and evaluation standards.
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Objectives of the Study

Research Objectives

1. To examine the transformation of software

development practices through the

adoption of generative artificial intelligence

technologies.

2. To investigate the role of generative AI in

supporting software engineering activities,

including code generation, debugging,

documentation, and software maintenance.

3. To evaluate the effectiveness of generative

AI in improving software testing processes

and enhancing automated test-case

generation.

4. To analyze the contribution of generative

AI to intelligent automation and DevOps

workflows in modern software

development environments.

Research Questions

1. How did generative artificial intelligence

transform software development practices?

2. How did generative AI support code

generation, debugging, documentation,

and software maintenance?

3. How did generative AI improve software

testing and automated test-case generation?

4. What role did generative AI play in

intelligent automation and DevOps-related

workflows?

Significance of the Study

The study's impact was significant because

it provided insights into the future

trajectory of software engineering as a field

due to generative AI. Traditional supply of

software had been supplemented now by

intelligent software systems, generating,

testing, explaining and optimizing software

artefacts. This study assisted researchers,

students, developers, and organizations in

a deeper comprehension of the

opportunities generative AI provides to

unlock greater productivity, minimize

repetitive work, drive faster development

and innovation. It also helped to spread

unprecedented academic knowledge by

linking generative AI to software

development, software testing, and

intelligent automation. It was also a game-

changer for software firms and software

development teams as they were once again

reminded of the need to adopt

responsibility. AI capabilities that

generated content proved beneficial, but

also needed governance, validation,

security testing, and human judgment. The

study indicated that applying AI tools for

programming opened the debate about

issues of code quality, trust, security and

programmers' responsibility.
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Literature Review

Generative AI in Software Development

and Code Generation

G-Ai revolutionized software development

by enabling the creation, completion,

understanding, commenting and helping

software developers. Many recent studies

indicated that large language models took

software engineering away from the rule-

based programming environment and into

intelligent, prompt-based environments.

On the other hand, code generation

research highlights the shift in how

programmers would use LLM to generate

code from natural language textual

instruction descriptions and its ability to

decrease manual effort in time-consuming

programming tasks (Gülmez et al., 2026).

An investigation of both pre- and post-

conditions indicated that programs

generated by LLM models were more

reliable when there was explicit control

over the generation process through

constraints, as constraints assisted the

model in generating code that adhered to

desired functional properties (Newcomb et

al., 2025).

Recent research revealed that the

quality of code generated was affected by

the fact of the model architecture, the set

of training data, the prompt structure, the

complexity of the task, and the support of

the programming language. Previous

studies on quantized code models

demonstrated that smaller and compressed

LLMs lowered the barrier for developers

who are strapped for compute, while still

maintaining similar performance in low-

resource programming-language

environments (Nyamsuren, 2025). Another

performance and interpretability study into

code generation demonstrated that not

only accuracy measures, but also insight

into how the model had reasoned about a

solution was important when evaluating

the model, and understanding how

accurate and trustworthy the solution was

in real waterfowl development (Pendyala et

al., 2025).

The literature also indicated the

emergence of generative AI usage in

engineering applications like hardware

design and codebase understanding,

beyond general software code generation.

Research on Generative AI-generated

hardware code found improvements in the

performance of LLM models for Verilog

tasks and recommended using generative

AI to support DHD designers as well as

SWEs (Pinckney et al., 2025). In addition,
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there is research that indicated that for

certain programming tasks, employing fine-

tuning methods resulted in the

enhancement of code generation by code-

generation models. Code generation

models could be fine-tuned to improve

their performance without having to be

completely retrained to accomplish the

task (Weyssow et al., 2025).

Use GenAI in software testing, debugging

and program repair

One of the most significant

transformations in software testing

prompted by generative AI was that testing

became a true interdisciplinary field.One

of the most important aspects of the

software engineering discipline that was

impacted by generative AI was the software

testing space itself becoming

interdisciplinary. Generating tests was

traditionally a time consuming exercise, as

testers had to specify the test cases, predict

output, run the tests and analyze results.

The systematic review evidence in recent

studies revealed that LLM was found to

facilitate test generation enriching the

requirements with tests, generate unit tests,

enhance test coverage, and reduce manual

testing time (Tasarsu et al., 2026). Recent

research on PyDex further demonstrated

that LLMs helped in bug repair on

programming task assignments by

providing probable repairs and enhancing

feedback-driven software rectification

proficiency, particularly in structured and

educational settings for programming

( Zhang et al., 2024).

Generative AI also facilitated the

debugging task by using language

knowledge and reasoning over program

behavior. Explainable automated

debugging research demonstrated that

scientific bugs debugged with LLM-driven

scientific debugging produced hypotheses

on the causes of the bugs, interacted with

the tools, and generated explanations that

assisted developers in better judging if a

patch is correct or not, Kang et al., 2025).

Additionally, automated program repair

literature revealed that there was a shift in

organisation from template-based to

machine learning / deep learning based

approaches and that generative AI was

used to realize more semantic and context-

aware repair strategies (Dikici et al., 2025).

The research studies identified indicated

that the use of LLM based repair proved

useful in both imperative programming

and formal specification languages. When

it comes to repairing declarative formal
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specifications, LLMs were found to be

helpful in various scenarios, such as single-

agent or dual-agent approaches, feedback

methods, and auto-prompting strategies

(Alhanahnah et al., 2025). Previous

research in software defect detection also

revealed that LLM helps software

developers in the identification of defects,

learning software patterns, suspicious logic

detection, and software quality assurance

efforts from the software development and

maintenance phases ( Chen et al., 2026).

Integrated and intelligent automation,

security and responsible adoption

Generative AI also aided the intelligent

automation processes, such as code review,

engineering decision making AI, design

recognition, and quality improvement.

Evaluation of design pattern recognition

indicated that LLMs used deep learning to

learn semantic information and syntactic

information from source code to identify

designs patterns without the need of

extensive predefined manual design

patterns (Pandey et al., 2025). When it

came to automatic resolution of code

issues, the research indicated that future

development environments might integrate

the value of generative reasoning systems

(Patcas et al., 2026) with rule-based tools,

considering how an LLM could be utilized

with static analysis results to resolve code-

quality issues.

One primary worry with the

implementation of generative AI in

software engineering is security. A study on

security-aware LLM found that the

conversation coding assistants did not

always alert the users to unsafe code,

leading to issues when developers took AI

generated answers without verifying

them.An investigation with LLM security

awareness revealed that the conversational

coding assistants were not consistently

emitting alerts about insecure code, which

poses problems when developers accepted

answers without verifying them. (Sajadi et

al., 2025) In addition, research on security

assertions found that LLM can be used to

help with hardware security verification as

it could provide security-centric assertions,

the generated assertions were not always

robust enough to be relied upon by experts

to guarantee high reliability and

correctness for security-critical engineering.

(Kande et al., 2024).

Supported of responsible adoption

were also addressed in the literature, and

highlighted evaluate, human oversight, and

organisational governance. Generative AI
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helped lead to higher productivity but

results might be flawed, including insecure

patterns, weak tests, misunderstandings of

requirements and logic flaws. The results

of code generation survey research

reflected the fact that performance of

models was improving very quickly, while

in software engineering, reliability,

evaluation, benchmarks, and

contamination issues were still considered

to be crucial (Gülmez et al., 2026). Security

investigations and testing revealed that

generative AI was most effective when a

developer leverages it as a tool to work

alongside them, rather than as a

standalone solution: quality and

accountability, as well as security, required

human input when using generative AI

(Tasarsu et al., 2026).

Research Methodology

Research Design

The study took a descriptive research

design approach to explore the future of

software engineering with the support of

generative artificial intelligence. The design

was chosen as it aimed to explain the

impact of generative AI on software

development, software testing, and

intelligent automation. A descriptive

design was used to communicate the

current use, benefits, barriers and potential

of generative AI in software engineering

practices.

Population of the Study

The population of the study comprised

software professionals, Software

Engineering learners, Software IT workers,

Software Testers, Software Developers,

Software System Analysts and Software

Project Managers. The participants in this

sample were chosen because they had an

in-direct or direct involvement with

software development, software testing,

software maintenance, or intelligent

automation. They also gained insight from

their experience into the impact of

generative AI on contemporary software

engineering work.

Sample and Sample Size

The number of respondents of the study

were 120 which were selected from

software related fields. There were 35

software developers, 25 software testers, 20

software engineering students, 15 system

analysts, 15 project managers, and 10

DevOps/automation engineers. This

sample size was deemed adequate due to

the variety of roles within software

engineering and the number of responses,
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which found the sample size adequate for

meaningful analysis.

Sampling Technique

A purposive sampling method was

employed in the study. This technique was

chosen due to the research being

conducted needing participants to have

knowledge or experience in software

engineering and generative AI. Random

sampling was not appropriate since not all

employees in an organization were not

familiar with AI-assisted software

development, automated testing or

intelligent automation.The participants

selected in accordance with their

professional level, technical skills and

relation to software engineering activities.

Those who utilized or were aware of

tooling like AI coding assistants,

automated testing platforms, debugging

tools, DevOps systems or software

documentation tools had a preference.

This allowed for the gathering of insights

focused and relevant from knowledgeable

respondents.

Data Collection Methods

Structured questionnaire was used to

gather primary data. The questionnaire was

primarily designed to gather information

on different generative AI awareness

dimensions, as well as on the use of

generative AI tools in software

development, for coding, debugging,

software testing, documentation, DevOps

automation, expected benefits from

generative AI, perceived risks, and

expectations for the future. Closed

questions were used to obtain measurable

data and open questions were used for

respondents to give an expression of

detailed opinions.

Research Instrument

A structured questionnaire was used as

main research instrument. The

questionnaire was broken up into sections.

The first part was to collect demographic

information such as role, experience level

and technical background. The second part

was dedicated to the awareness of

generative AI in Software Engineering. The

third part was devoted to generative AI

apps in software development, testing and

intelligent automation. The last part

centered on benefits, challenges, risks and

future directions.

Data Collection Procedure

After the research objectives and the

questionnaire was decided, the data

collection process started. All the

respondents were contacted and informed
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about the focus of this study.

Questionnaire was distributed via forms

online and directly through professional

networks. The questionnaire was

administered with clear instructions before

the respondents were requested to answer

the questions.

Data Analysis Method

Data analysis of the quantitative data was

done using descriptive statistics. Frequency,

percentage and mean scores were used to

summarize the responses. The

methodology allowed them to collect data

regarding awareness of generative AI

adoption, perceived software engineering

adoption usefulness and barriers to

software engineering generative AI

adoption. The results were displayed in

tables and explained in detail.

Results and Analysis

Demographic Profile of Respondents

The demographic profile helped show

whether the selected respondents were

suitable for providing information about

generative AI and software engineering

practices.
Table 1.Demographic Profile of Respondents (N = 120)

Demographic Variable Category Frequency Percentage (%)

Gender Male 70 58.3

Female 50 41.7

Age Group 20–30 years 45 37.5

31–40 years 42 35.0

41–50 years 22 18.3

Above 50 years 11 9.2

Professional Role Software Developers 35 29.2

Software Testers 25 20.8

Software Engineering Students 20 16.7

System Analysts 15 12.5

Project Managers 15 12.5

DevOps/Automation Engineers 10 8.3
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Demographic Variable Category Frequency Percentage (%)

Work Experience 1–3 years 36 30.0

4–6 years 40 33.3

7–10 years 28 23.3

Above 10 years 16 13.4

Total 120 100.0

The results showed from the Table 1 that a

total of 120 respondents participated in

the study. Out of the total respondents

58.3% were males and 41.7% were females.

This showed that the study was conducted

by both males and females and a higher

number of males participated in the study

compared to females. Whereas both groups

were contributing to a diversity of opinions

on generative AI for software engineering.

As indicated in the age distribution, the

age group between 20 to 30 years had the

largest number with 37.5% of the

participants. The 31–40 year age group was

next, accounting for 35.0%. The finding

revealed that most of the respondents were

young or middle career individuals with

knowledge of modern computer software

tools, AI coding assistants, automatic

testing frameworks, and digital

development environments. The

distribution of the professional roles

showed that there were more software

developers (29.2%) and then software

testers (20.8%). The key point here is that

developers and testers were directly

involved in developing, debugging,

generating tests, identifying bugs and

improving software quality. The work

experience outcomes indicated that around

one-third of respondents (33.3%) had 4–6

years of experience, indicating that many

respondents had experience with hands-on

software engineering tasks.
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Figure 1:Demographic Profile of Respondents

Awareness of Generative AI in Software Engineering

This table explained the level of awareness among respondents regarding the use of

generative AI in software engineering.

Table 2. Awareness of Generative AI in Software Engineering

Statement
Strongly

Agree
Agree Neutral Disagree

Strongly

Disagree

Mean

Score

Generative AI supported faster

software development.
60 42 12 4 2 4.28

Generative AI improved code

generation and completion.
58 44 12 4 2 4.27

Generative AI supported

automated software testing.
52 46 16 4 2 4.18
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Statement
Strongly

Agree
Agree Neutral Disagree

Strongly

Disagree

Mean

Score

Generative AI improved

debugging and error detection.
50 44 18 6 2 4.12

Generative AI changed the

future role of software

engineers.

62 38 14 4 2 4.28

Table 2 revealed that the respondents had

good awareness of Generative AI in

Software Engineering. The items with the

highest means were those that indicated

that generative AI has enabled accelerated

software development (4.28) and is altering

the software engineering profession in the

future (4.28). This revealed the

respondents' perception of generative AI as

a significant influencer in the

transformation of software development

practices and roles. The mean score of the

statement that “generative AI enhanced

code generation and completion” was 4.27.

This showed a high understanding of how

generative AI is perceived to be useful for

writing code, completing functions,

suggesting syntax and for programming

tasks. The mean scores for the statement

on automated software testing and

debugging/ error detection are 4.18 and

4.12, respectively. These results also

revealed that participants were aware of the

potential of generative AI for tasks other

than
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coding.

Figure 2: Awareness of Generative AI in Software Engineering

Adoption of Generative AI Tools in Software Engineering

The table explained how frequently generative AI was applied in coding, testing,

documentation, debugging, and automation.

Table 3. Adoption of Generative AI Tools in Software Engineering

Software Engineering

Activity

Frequently

Used

Sometimes

Used

Rarely

Used

Not

Used

Mean

Score

Code generation 56 40 18 6 3.22

Code completion 60 38 16 6 3.27

Debugging support 46 42 22 10 3.03

Test-case generation 42 40 26 12 2.93

Documentation writing 50 38 22 10 3.07

DevOps and workflow 34 42 28 16 2.78



https://sesjournal.com | Hanif et al., 2026| Page 3064

Software Engineering

Activity

Frequently

Used

Sometimes

Used

Rarely

Used

Not

Used

Mean

Score

automation

Table 3 revealed that the most taken code

completion use of generative AI had a

mean score of 3.27. The mean score for

code generation was 3.22 and came in the

second place. These results suggested that

respondents mostly used generative AI for

programming support. This is predicted

since the use of AI coding assistants was

widespread to complete functionality,

suggest code blocks, clarify syntax, and

minimize repetitive coding tasks.

Documentation writing was given a mean

score of 3.07 and debugging support a

score of 3.03. These findings revealed a

moderate degree of adoption in the use of

the supporting software for supporting

software maintenance and software

development communication. The test

case generation score with a mean of 2.93

and devops and workflow automation with

a mean of 2.78 were the lowest scores.

These results indicated that adoption was

less for more complicated engineering tasks.

Precision and ability to integrate with

existing systems and rigorous validation

were important for test generation and

DevOps automation.
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Figure 3: Adoption of Generative AI Tools in Software Engineering

Perceived Benefits of Generative AI in Software Engineering

These benefits included increased productivity, faster development, improved testing,

reduced repetitive work, better documentation, and stronger automation.

Table 4. Perceived Benefits of Generative AI in Software Engineering

Benefit
Strongly

Agree
Agree Neutral Disagree

Strongly

Disagree

Mean

Score

Increased developer

productivity
64 38 12 4 2 4.32

Reduced repetitive coding

tasks
58 42 14 4 2 4.25

Improved speed of software

delivery
56 40 16 6 2 4.18

Better support for software

testing
48 44 18 8 2 4.07
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Benefit
Strongly

Agree
Agree Neutral Disagree

Strongly

Disagree

Mean

Score

Improved documentation

quality
52 42 16 8 2 4.12

Supported intelligent

automation
46 42 20 10 2 4.00

Table 4 indicated that highest mean score

is 4.32 in the case of increased developer

productivity. This meant that people were

confident that Generative AI contributes

positively to the productivity of software

professionals. Developers leveraged AI to

write code more quickly and better, grasp

technical challenges, propose solutions,

and save time by avoiding repetitive tasks.

Agreement among the respondents was

excellent when dealing with reduced

repetitive coding tasks, with a mean score

of 4.25. This discovery indicated that

generative AI could be a valuable tool in

repetitive coding tasks like code

completion, boilerplates, generating

functions, and syntax corrections. The

mean scores for improved speed of

software delivery is 4.18; improved

documentation quality is 4.12. The results

in Better support for software testing were

4.07, and intelligent automation 4.00.

These results indicated respondents'

understanding of the utility of generative

AI throughout the software development

life cycle.
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Figure 4: Perceived Benefits of Generative AI in Software Engineering

Challenges and Risks of Generative AI Adoption

Identifying challenges was important because generative AI offered benefits but also

introduced risks related to security, reliability, privacy, accuracy, and overdependence.

Table 5.Challenges and Risks of Generative AI Adoption

Challenge/Risk
Strongly

Agree
Agree Neutral Disagree

Strongly

Disagree

Mean

Score

Risk of inaccurate AI-

generated code
62 38 14 4 2 4.28

Security vulnerabilities in

generated code
58 40 16 4 2 4.23

Overdependence on AI tools 54 42 16 6 2 4.17

Lack of human verification 52 40 20 6 2 4.12

Data privacy and 50 42 18 8 2 4.08
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Challenge/Risk
Strongly

Agree
Agree Neutral Disagree

Strongly

Disagree

Mean

Score

confidentiality concerns

Difficulty integrating AI into

workflows
44 42 22 10 2 3.97

Table 5 revealed that the biggest challenge

was the risk of wrong code generated by AI:

with a mean score of 4.28. The result

showed that the respondents were worried

about the accuracy of the output produced

by AI. While the generated code was

helpful for speeding up coding, it was still

necessary to review the code manually

because it may have contained logical

errors, missing functions, faulty

assumptions or wrong solutions. The mean

score for Security vulnerabilities for

generated code was 4.23. Here's some good

news, the results demonstrated that

respondents knew they could find unsafe

patterns, weak authentication logic, weak

input validation, or unsafe dependencies

in AI-generated code. Overdependence of

AI tools had a mean score of 4.17 and lack

of human verification had a mean score of

4.12. The results indicated that the

participants felt that AI tools alone should

not be relied upon by software engineers.

Generative AI was beneficial as an assistant,

but it was still important to have human

intervention to review, test, secure, and

maintain software.
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Figure 5: Challenges and Risks of Generative AI Adoption

Future Readiness for Generative AI in Software Engineering

This table explained how prepared respondents and organizations were for the future use

of generative AI.

Table 6. Future Readiness for Generative AI in Software Engineering

Statement
Strongly

Agree
Agree Neutral Disagree

Strongly

Disagree

Mean

Score

Software engineers needed training

in AI tools.
66 36 12 4 2 4.33

Organizations needed clear AI-use

policies.
60 38 14 6 2 4.23

Human supervision remained

necessary.
64 34 14 6 2 4.22

AI tools improved future software

engineering careers.
54 42 16 6 2 4.17
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Statement
Strongly

Agree
Agree Neutral Disagree

Strongly

Disagree

Mean

Score

Ethical guidelines were needed for

AI-assisted development.
58 38 16 6 2 4.20

AI would become a regular part of

software teams.
56 40 16 6 2 4.18

As per the Table 6, the highest mean score

has been obtained on the statement

“Software engineers require training on AI

tools” with a mean score of 4.33. This

suggested that the people faced the strong

belief that they needed to be skilled at

using generative AI responsibly in the

future. Training was deemed as essential

for quick writing, code review, AI

supported testing, debugging,

documentation, and security verification.

When it comes to policies for the use of AI

in organizations, the mean score was 4.23,

indicating that the need for human

supervision is still required. The results

indicated that the respondents agreed that

the use of generative AI requires rules and

human control. Because of the potential

privacy, security, appropriate use, quality

assurance, and ownership issues, AI-use

policies were required to train staff about

these concerns. Ethical guidelines scored a

mean of 4.20 and the statement that AI

would be a part of software teams is 4.18.

This indicated that respondents believed

that generative AI will be a standard

software engineering practice in the future.
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Figure 6: Future Readiness for Generative AI in Software Engineering

Discussion

The results revealed that the respondents

had high knowledge about generative AI

and its influence on software engineering.

They understood how Generative AI

would help them develop faster, generate

code, debug, test, document and automate

intelligently. This means that rather than

being a novelty, the use of generative AI

was transitioning from a research

laboratory to real applications within

software processes. This was mirrored by

the high awareness scores, which indicated

more usage of AI coding assistants in real

coding environments, where developers

were guided through coding challenges,

found solutions, or completed

implementation tasks using the

conversational systems (Ehsani et al., 2026;

Ziegler et al., 2024).

It was also discovered that code

completion and code generation were the

primary applications for the use of

generative AI. This indicated that

respondents believed in the ability of AI

tools more in direct programming

assistance than in complex engineering

decisions. Immediate value could be gained

from the code generation and code

completion features as they cut down
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repetitive syntax writing tasks, saved on

boilerplate code, explained logic, and sped

up the programmers from idea to

implementation. Some previous works also

found improvements in productivity when

developers used large language models for

specific coding tasks with tight control over

the output generated (Weber et al., 2024;

Cirett-Galán et al., 2024).

The use of generative AI for

software testing seemed more moderate

compared to coding, indicating that the

space of software testing was more sensitive.

Participants had prior knowledge of the

potential for AI to create test cases, identify

edge cases and aid in defect detection, but

were also aware that weak tests could lead

to false confidence. Additionally, it was

found that ChatGPT and Copilot could

help with the testing artifacts, but manual

review was still required for checking

accuracy, coverage, and relevance (Haldar

et al., 2025; Ardic et al., 2026).

The number one desired benefit

was higher developer productivity. This

revealed that the respondents felt

generative AI was helpful in saving time,

reducing repetitive work and enhancing

the development efficiency. Productivity,

however, did need to be interpreted

carefully as more output did not necessarily

mean higher software quality. Many

software quality activities could be

facilitated by generative AI solutions, but

the industrial readiness was found to rely

on the solutions validation, process

integration, maturity, and contextual

accuracy (Gheveter et al., 2026; Najmi &

El-Dosuky, 2025).

The results demonstrated that the

generative AI tools were also helpful in

requirements engineering, documentation,

planning of workflows and early project

decisions-making. This was crucial, as the

advent of software engineering began with

requirements understanding, scope

estimation, and turning the needs of

stakeholders to technical details.

Requirements extraction, Reduction of

ambiguities, Identification of terminologies

and completeness of requirements were

supported by LLMs, and still required

human validation (Hemmat et al., 2025;

Luitel et al., 2024).

The findings related to risk

indicated a number of problems with the

AI-generated code that include incorrect

code, vulnerabilities, privacy issues,

reliance on AI, and inadequate human

checks. Even when the code is correct, it
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may have faulty assumptions, incomplete

exception handling, bad implementation

patterns or be otherwise logically incorrect.

There are also a number of studies that

demonstrate the ability of LLMs to aid the

reproduction of bugs and in performing

static analysis tasks, but they found that

performance is different for each LLM and

depending on the programming context

(Venkatesh et al., 2025; Kang et al., 2024).

Conclusion

Based on the study, generative AI has been

found to have a significant effect on the

future of software engineering. The results

demonstrated how generative AI helps in

software development through various

aspects, such as code generation, code

completion, debugging, documentation,

testing, and intelligent automation.

Respondents identified generative AI as a

valuable component in boosting

productivity, minimizing repetitive coding

efforts, expedite software delivery, and

assist software quality efforts. The study

also revealed that that generative artificial

intelligence has also altered the nature of

software engineers, transforming them

from just a code writer to a code reviewer,

supervisor, and evaluator of AI-generated

content.

Recommendations

Software companies were advised to be

careful and take a systematic approach

when implementing generative AI tools.

AI-generated code should not be directly

used in actual software systems without

review, testing and validation by companies.

AI-generated content needs to be code-

reviewed, debugged, and thoroughly

checked for security and quality assurance

before implementation. This will minimize

the chances of wrong code, undetected

errors and software weaknesses.

Future Direction

Future studies should explore the long-

term implications of Generative AI on

software engineering productivity, software

quality, and developer skills. Further

research is needed to establish the

difference between the speed, accuracy,

reliability, cost, and maintainability of AI-

assisted development and the standard

methods of development. This type of

study could shed light on areas where

generative AI was most beneficial and

where traditional human Intelligence was

still more crucial.
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