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1. Introduction

The need for Software Engineering (SE) research to take into account the social, cultural, and human elements of software
development is becoming more widely recognized. As a result, academics have embraced a variety of social science research techniques
[1]. The field of intelligent software engineering has emerged recently as an example of using the collaboration between AI and SE.
Issues related to intelligent software engineering are frequently covered in this field. The former, intelligent software engineering,
concentrates on incorporating intelligence into techniques developed to handle various software engineering tasks to attain high
efficiency and effectiveness. The latter type of ISE focuses on managing various software problems, like Al applications. In fact, the two
previously described traits may overlap when integrating intelligence into techniques designed to manage various SE activities for ISE.
ISE is by definition a topic of study that encompasses at least the software engineering and Al research fields [2] [3].

The domains of management operational and science research are reportedly seeing an increase in the use of Al. In general,
intelligence is defined as the ability to obtain knowledge and apply that knowledge to resolve challenging circumstances. The study and
creation of intelligent hardware and software that is capable of reasoning, learning, gathering data, communicating, manipulating, and
seeing objects is known as Al The phrase was first used in 1956 by John McCarthy to describe a field of computer science that aims to
replicate human behaviour. Studying computers makes Logic can be seen and acted upon. Al varies from computer science in that it
places more emphasis on thinking, perception, and action than psychology does on computers. It makes machines more intelligent and
useful [4]. Software engineering and Al have grown independently. Perception, reasoning, and action are made possible by Al research
methodologies. The goal of software engineering research is to help engineers create better software more quickly. Software agents are
crucial research objects in both Agent-Oriented Software Engineering (AOSE) and distributed Al (DAI). Knowledge-based systems (KBS)
are being studied for both knowledge engineering (KE) and learning software organizations (LSO). The software industry uses the Al
SDLC to design, create, and test high-quality software. The SDLC seeks to provide high-quality software that is finished on schedule,
within budget, and either meets or beyond customer expectations [5].

The paper provides a comprehensive survey of the changes by Al in software engineering through the use of current frameworks,
intelligent automation, and improved decision-making capabilities. The paper first covers the theoretical bases of Al and then delves into
ML, agent-based, and knowledge-based frameworks that are broadly utilized. It also assesses their involvement in different stages of the
SDLC improvement. In addition, the paper identifies Al challenges, limitations, and ethical issues with references to the recent literature.
By coupling research and application insights, this work conveys the increasingly mutual relationship of Al with software engineering
and points to the future as an open field of innovation.

1.1. Structure of the Paper

The following describes the paper's structure: Section II describes the overview of the Al, including its applications and benefits.
Section III describes frameworks of Al in software engineering, including ML, agent-based, and knowledge-based frameworks. Section IV
describes the impact of Al in the SDLC. Section V discusses the recent research on the Al-driven software engineering. Section VI
concludes the overall research on Al-driven software engineering and shows the future work suggestions.

2. Overview of Artificial Intelligence
Models and Theories of natural and artificial brains and minds must be established in order to understand intelligence. This has
been a major philosophical issue since the earliest Greek and Indian literature. This also became a major worry for computer scientists
with the introduction of the digital computer in the 1950s. By analyzing, building, and evaluating computers and programs that display
characteristics of intelligent behaviour, such as the capacity to identify and categorize patterns, reason from starting points to logical
conclusions, and learn from experience, the concurrent development of the theory of computation offered a new set of tools to address
this problem [6].

2.1. Applications of Al and Machine Learning

The most beneficial problem in human life is AL Al is employed in numerous facets of daily life. Watson by IBM, Siri by Apple,
Google Now by Google, and Windows Mobile's Cortana are examples of intelligent digital personal assistants for a variety of operating
systems. Without requiring physical presence, these assistants help users locate and arrange all necessary items by using speech and
gesture recognition [7].
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Figure 1. Siri by Apple

Figure 1, depicting Siri on an iPhone interface, illustrates how a voice assistant processes a request, in this case, setting a
reminder for a specific date. It showcases the conversational and actionable capability of Al-powered personal assistants to manage tasks
based on natural language input.

Figuer 2. Watson by IBM

Figure 2 displays the IBM Watson system housed in a server rack arrangement powered by POWER?7 servers. It represents the
physical hardware infrastructure that enabled this famous example of cognitive computing and Al.

= Microsoft

Figure 3. Cortana by Microsoft
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Microsoft Cortana is shown in Figure 3. The user receives all information, like "college, or bus station? where is the nearest
restaurant?”, or it notifies the user of essential meetings to attend, unfinished work, an alarm clock, personal information, a friend's
birthday, etc.

Scientists are conducting numerous future and current studies on humanoids, often known as robotics, as well as human
behavior and emotions. High-performance vehicles, radar-equipped missiles, satellites, and navigational systems are also available.

Figure 4. Valkyrine

Figure 4 shows a bipedal humanoid robot in a laboratory setting, likely for testing and development. It illustrates an example of
advanced robotics and Al applied to creating human-like machines capable of complex movement.

Figure 5. Google self-driving Car

"Waymo," a Google project, is an autonomous vehicle that runs without a driver. Again, NASA and Google worked together to
develop "Valkyrie," the first humanoid astronaut and a shining example of artificial intelligence (Figure 5).

2.2. Benefit of Artificial Intelligence
The advantages of Al in data management are particularly useful for gathering and analyzing massive volumes of data to boost
efficiency and personalization [8].

» Increase work efficiency: Al-powered products are very good at completing a particular repetitive activity with exceptional
efficiency. A simple argument is that they constantly generate accurate results by removing human error from their work. As a
result, they do away with the requirement to assign two groups of workers to do crucial duties during day and night shifts.

»  Work with high accuracy: Researchers are trying to teach Al-powered devices to solve difficult problems and carry out essential
jobs independently, producing results that are more accurate than those of human equivalents. Due to the important nature of
the work, these machines' great accuracy has made them essential for use in the medical industry.

» Reduce cost of training and operation: Al learns new ideas similarly to humans by using ML techniques like neural networks
and Deep Learning. In this method, students only need to learn new things instead of constantly writing new code. Globally, a

47



“Sridhar Reddy Bandaru et al [2022] A Review of Frameworks, and Impact on the Software Development Life
Cycle with Artificial Intelligence in Software Engineering

lot of research and development is being done to build Al systems that optimize their ML capabilities so they can learn new
processes much faster.

» Improve Processes: The best thing about employing Al-powered devices at work is that they enable us to collect vast volumes of
data regarding their operations. In order to better optimize the processes, such data can be processed to get profound insights
through quantitative analysis.

3. Al Frameworks in Software Engineering
Al systems create a formalized platform where Al models can be created, trained, and deployed in software engineering
processes. These models are critical in making automation, intelligence, and efficiency in the SDLC possible. They streamline the
complex tasks like ML, NLP and knowledge representation, which have become increasingly necessary in contemporary software
engineering [9].

3.1. Machine Learning Frameworks
ML frameworks have become a popular resource in software engineering, and are often employed for various tasks such as
predictive modelling, automated code generation, defect prediction, and software quality analysis [10].
» TensorFlow: TensorFlow is a heterogeneous, large-scale ML system. TensorFlow leverages dataflow graphs to describe shared
state, computation, and the actions that impact that state. It translates nodes of a dataflow graph between multiple processing
units (TPUs) within a single machine and across several machines in a cluster [11].
» PyTorch: These two objectives are in fact compatible, as demonstrated by the ML library PyTorch, It offers a Pythonic and
imperative programming language It maintains performance and supports hardware accelerators like GPUs while supporting
code as a model, simplifying debugging, and integrating with other widely used scientific computing tools [12].
»  Scikit-learn: The majority of modern machine learning techniques for medium-scale (unsupervised and supervised) issues can
be found in the Python module Scikit-learn. The application uses a general-purpose high-level language to teach the generalist
about machine learning [13].

3.2. Agent-Based Frameworks
Agent-oriented software engineering (AOSE) frameworks aid in the construction of intelligent agents capable of operating
autonomously to carry out software engineering tasks [14][15].

» JADE: A software framework called JADE (Java Agent Development Framework) was created exclusively in Java. With the aid
of a middleware that claims to adhere to FIPA requirements and a collection of tools that facilitate the debugging and
deployment process, it simplifies multi-agent systems.

» MadKit: The Multiagent Development Kit (MaDKit), a modular, open-source, scalable multiagent platform developed in Java, is
built on the AGR (Agent/Group/Role) organizational model.

3.3. Knowledge-Based Frameworks
Knowledge-based Al frameworks aim at recording and reusing domain knowledge so that the decision-making process in
software engineering can be more informed [16].

» Drools: Drools is a Business Rule Management System (BRMS) solution that delivers a rule engine that processes rules and
facts to produce output. The main advantage of having the business logic centralized is that changes can be introduced in a very
short time and with little money.

» Prolog: Prolog (Programming in Logic) is a declarative programming language that is explicitly intended to be the main logic
reasoning and representation of knowledge engine in knowledge-based structures. It enables developers to specify a body of
knowledge with facts and rules and then apply an inbuilt inferential process to make conclusions and solve problems

Table 1. Comparison of AI-Based- Frameworks in Software Engineerin,

Framework Examples Primary Use Strengths Limitations
Type
Machine TensorFlow, Prediction, defect detection, High accuracy, handles big Requires large datasets;
Learning PyTorch, Scikit- automation data, strong community computationally heavy
learn support
Agent-Based JADE, MadKit Simulation, distributed Good for modeling complex Difficult to integrate with
systems, autonomous interactions; scalable traditional SE tools
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decision-making

Knowledge- Drools, Prolog Rules processing, reasoning, | High explainability, strong for Limited learning ability;
Based expert systems logic-driven tasks needs expert-defined rules

Table 1 provides comparison of major Al frameworks that are used in software engineering to achieve the core objectives,
highlight the main strengths and open up the possible application areas within the SDLC. It compares ML, agent-based, and knowledge-
based frameworks in terms of scalability, automation capability, task suitability, and user-friendliness for defect prediction, planning,
testing, and knowledge reasoning. It acts as a reference to the most suitable Al technique by listing the features and limitations of the
different frameworks. Besides, it shows the different Al paradigms that result in smarter decision-making and higher productivity in
software engineering.

4. Impact of Al on Software Development Life Cycle
Every stage of the software development process including design, testing, and deployment is being revolutionized by Al As a
result of automation, prediction, and intelligent decision-making, Al has penetrated nearly every phase of the SDLC [17]. The impact of
technology is visible in increased efficiency, better precision, prompt detection of defects, and quick delivery [18].

The subsequent points demonstrate the manner in which Al influences various phases of the SDLC as follows:
4.1. Requirements Analysis

The requirement gathering is easy with the use of Al by analyzing large data like documents, feedback, or reviews in less amount
of time. Tools of ML also predict conflicting or missing requirements and make gathering more efficient. The process becomes clear and
accurate, and reduces time and effort by using AL

4.2. Design and Planning

Al-based tools here guide for the required time, possible risk, and suggest possible ways for planning. Al-based tools can analyze
previous data and guide for challenges and needs to save time and effort for planning and designing, making the process accurate and
fast.

4.3. Coding and Implementation

Al-based tools can guide with better logic building, enhanced code structure, and auto-generated code for saving the time and
efforts of the coder. Also, Al-based tools help coders to find bugs easily within the code and suggest multiple possible solutions for fixing
them.

4.4. Testing and Quality Assurance

Al-based tools are more useful for testing by providing auto-generated test cases, proper testing reports, and better solutions for
improvements, which can be beneficial than manual testers in terms of time, effort, and cost. ML models can help analyze previous bugs
from past datasets and help to generate improvement version of code for better quality assurance.

4.5. Deployment and Maintenance

Al-based tools can help monitor real-time or deployed applications and automatically test with number of test cases and find
potential bugs and can guide in details for the improvement areas. Al can be beneficial for maintenance by keeping training for future
updates in code version and can guide for improvement time to time.

5. Challenges and Limitations of Al in Software Engineering

Al is a significant aspect of contemporary software development, and there are no barriers to its implementation. Although it
increases automation, prediction, as well as decision-making, there are a number of obstacles that curtail its success and use in practice
[19]. The following is a summary of the difficulties and limitations that could occur while using Al in software engineering [20].
5.1. Data Quality and Availability

Large, tidy, and structured datasets are key determiners of the Al systems, whereas software engineering data is usually noisy,
incomplete, or distributed among various tools. This decreases the capacity of Al models and reduces their capability to acquire correct
patterns. Organizations would find it difficult to ensure that data is collected and pre-processed appropriately.
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5.2. Lack of Explainability and Trust

Most Al systems, particularly DL systems, are black boxes, so the rationale of these systems is not easily readable. Workers might
not trust Al-based recommendations or robotic decisions unless they are able to confirm the reasoning that underlies them. This is also
an issue while debugging and validation critical software projects due to lack of transparency.

5.3. Integration and Workflow Challenges

The implementation of Al solutions into the current development environment, legacy systems or CI/CD pipelines can be highly
costly and necessitate modifications. Such integrations are time-consuming and could create new compatibility problems [21].
Consequently, not all teams can effectively integrate Al tools into their workflows without interruption.

5.4. Ethical, Security, and Bias Concerns

Unless looked at closely, Al models do introduce biases, produce insecure code or reveal sensitive information. This may result in
unjust decisions, weaknesses, or non-compliance in software engineering. Good governance, ethics, and constant monitoring are needed
in order to make Al responsible in usage.

5.5. High Computational and Maintenance Costs

A lot of computational power is needed for the training, implementation, and upkeep of Al models, which can be costly for small
to medium-sized businesses. Moreover, Al tools need to be updated regularly in order to remain precise with the changing codebases
and technologies. This is a long-term project costing the company more in operation and accessibility.

6. Literature Review
A complete overview of research on "Al role in SE" is given in this part, along with a brief summary of the findings shown in Table II.

Washizaki et al. (2019). The goal of researchers and practitioners looking into best practices is to create ML systems and software
that tackle problems with software quality and complexity. By encapsulating reusable solutions to typical problems in specific contexts,
these design techniques are occasionally formalized as design and architecture patterns. Nevertheless, a comprehensive study to gather,
categorize, and assess these SE design patterns for machine learning techniques has not yet been completed. Research aggregates both
positive and troublesome SE design patterns for ML approaches to give developers a full classification of such patterns. These are the
initial findings of an SLR of successful and unsuccessful ML design patterns [22].

Hourani, Hammad and Lafi (2019) This paper covers the primary Al pillars that can be used for software testing. Additionally, it
clarifies possible future advancements in software testing and artificial intelligence. The findings imply that Al could improve testing for
software results, and Al-driven testing could soon spearhead a new stage of QA initiatives. Al software testing boosts output, shortens
time to market, and enables the company to produce more complex software and smarter automated testing [23].

Sahito et al. (2019). The purpose of this study is to address this issue and offer direction to the scientific community.
Approximately 57 research publications from the prestigious Journal of Software Engineering that were only published in 2018 were
taken into consideration for this investigation. The title, abstract, content, contribution type, area, occurrences, and citation are all taken
into consideration while evaluating these papers. According to the results, software testing is more common than development,
maintenance, management, and refactoring. This information certainly helps MS academics and PhD aspirants. The main goal of the
work is to make suggestions that help the academic community grow stronger [24].

Wangoo (2018) This paper looks at three AI techniques that employ business intelligence, data mining, and ML to promote
automated software reuse for overall software development and software production. Business intelligence technologies are used to find
code intelligently so that programs and components can be reused. For automated software reuse and the identification of possible
research opportunities in the field, a study of numerous Al techniques in the software reuse domain of SE is conducted [25].

Feldt, de Oliveira Neto and Torkar (2018) This study presents the AI in SE Application Levels (AI-SEAL) taxonomy, which
classifies applications based on their intended use, the kind of AI technology employed, and the permitted degree of automation. Classify
fifteen papers from earlier RAISE workshop editions to demonstrate the utility of this taxonomy. The findings reveal that the taxonomy
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permits the identification of diverse Al applications and delivers information about the hazards related to them. It argues that this is

essential for companies learning how to integrate Al into software and creating strategies for doing so [26].

Tadapaneni (2017) this poses threats to various companies and causes additional problems for various software engineers. An
engineering system's design, construction, and testing present a plethora of difficult tasks. One benefit that software engineers have
over other engineers is that they can utilize their own materials and software to tackle the problems that arise from the creation of this
system. Because Al algorithms are made to handle some of the increasingly difficult problems in software engineering, they are ideal for

these kinds of complex problems.

The majority of useful algorithms, techniques, and methodologies have been implemented and

utilized by software engineers. The Al community is where it originated. Each of these tasks has an important and useful application
that affects several software engineering domains [27].

Table 2. Summary of A Review of Frameworks, and Impact on the Software Development Life Cycle

Reference Focus On Key Findings Challenges Limitations
emphasized reusable .
. . 'p . Lack of unified, ..
An organized analysis architectural techniques, . ) Preliminary results only;
. . o . formalized design ..
Washizaki et | of ML system software | identified good and problematic limited number of patterns
. . . . patterns for ML systems; . -
al. 2019 engineering design SE design patterns for ML, and . o identified; SLR not yet
. o high complexity in ML- .
patterns offered a basic classification comprehensive
based software
system.
N o . Integration of Al tools . .
. Al's function in Al can significantly improve . & . Conceptual discussion; lacks
Hourani, . . . . into existing QA .. .
software testing and testing efficiency, reduce time- . empirical testing or
Hammad & pipelines; need for e .
prospects for Al- to-market, and enable smarter validation using real-world
Lafi 2019 . . expert knowledge to
driven QA automated testing . datasets
train Al models
Software testing is the most . .
. . Restricted to articles from
Analysis of 57 researched area compared to Ensuring completeness .
. . . . ) . 2018 only; focuses mainly
Sahito et al. Software Engineering | development, maintenance, and of article selection; .
. . . . on quantity of research
2019 research articles management; provides rapidly evolving

(2018)

guidance to researchers and
scholars

research themes

rather than qualitative
depth

Wangoo 2018

Use of Al (data
mining, BI, ML) for
automated software

Al supports intelligent
knowledge discovery for
identifying reusable code

components and improving

Complexity in mining
and categorizing
reusable assets;

dependency on data

Lacks experimental
implementation; focuses
mainly on conceptual and

theoretical analysi
reuse development efficiency quality eoretical analysis
Offers structured classification | Difficulty in categorizing
Feldt, de AI-SEAL taxonomy for based on Al type, application hybrid Al systems; Evaluated using only 15
Oliveira Neto classifying Al point, and automation level; evolving Al technologies | papers; may not generalize
& Torkar 2018 applications in SE helpful for risk assessment and challenge static to all SE domains
strategy planning taxonomy
ApPlication of Al Al algorith.ms are well-suited .Coml?lexity of Lacks empirical case studies;
. algorithms to address for solving complex SE engineering systems; .. .
Tadapaneni . . . . . . primarily describes general
engineering design, problems; widely applied to need for effective -
2017 applicability rather than

testing, and system
challenges

development, testing, risk
detection, etc.

algorithm selection and
tuning

specific outcomes

6. Conclusion and Future Work

Artificial Intelligence has been a game-changing technology in domain of SE. The changes to the SDLC are remarkable as the AI-
powered technologies not only automate, but also offer analytics with high accuracy and make better decisions. The review reveals that
ML, agent-based and knowledge-based models are effective tools in requirements, design, code, testing and maintenance. As a result of
AT adoption, software becomes faster, more precise and of higher quality, which is why organizations get the opportunity to build more
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reliable and scalable systems. However, problems such as quality of data, lack of explainability, workflow integration, ethical issues, and
heavy resource consumption are still factors that prevent the widespread adoption of Al. The surveyed material points to the strong
inclination of collaboration between Al and SE and also depicts the potential and the complications. Thus, the Al-powered software
engineering is a great avenue to explore, but to see the complete impact, it has to be handled with care, using high-quality datasets and
constantly updated intelligent tools.

The studies in the future should investigate more open and explainable Al frameworks that can be smoothly incorporated into
intricate software engineering processes. Creating standardized data, better methods of benchmarking, and hybrid models that utilize
ML, symbolic reasoning, and agent-based methods will enhance the adoption of Al Also, it will be necessary to study ethical governance,
bias limitation, and cost-effective deployment policies. The increased amount of empirical research and actual case implementation will
contribute to the confirmation of the effectiveness of Al in various SE settings and projects of different sizes.
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