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In the digital economy, traditional software engineering faces complex needs and
fast change, and it often meets risks such as cost overruns and low process efficiency. Al
methods, including machine learning and natural language processing, provide strong
support for a more intelligent form of development. This paper reviews the path of Al use in
software work through literature study and real cases, and it covers tasks from requirement
analysis to testing and operation. The findings show a shift from a simple helper to a driver
of the whole process, and cases from many fields report higher efficiency and better quality.
Yet several problems remain, such as weak model transparency, unstable data, and a lack of
skilled staff. It presents a framework and guides firms toward high-quality growth globally.
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In the digital economy, software acts as a central driver of social change and industrial renewal.
However, the traditional software engineering model is difficult to cope with complex requirements
and rapid iteration of the market, and a large number of software projects are faced with risks such
as budget overruns and schedule delays, which are caused by subjective requirements analysis, low
development efficiency and insufficient test coverage [1]. The breakthrough of Artificial
Intelligence(Al) technologies, such as deep learning and natural language processing, has brought
revolutionary opportunities for software engineering, which can not only automate repetitive tasks,
but also optimize decisions and improve software quality and efficiency through data-driven [2]. For
this reason, a systematic review of its application path is essential. From an academic view, this
work can close existing gaps and help form a clear and complete framework. From an industry view,
it can guide firms in practice and offer technical support for developers [3]. The main aim of this
study is to trace how Al is used across the full software engineering process and to build a usable
framework. It centers on two main ideas: common use scenes of Al in different fields, and clear gaps
in its performance, plus the key barriers and possible ways toward deeper links with software
engineering. This paper has a layout. Section 2 gives the basic theory. It describes the software
lifecycle, Al tools, and their relations. Section 3 shows Al use in analysis, design, coding, testing,
and upkeep, with cases. Section 4 reviews integration issues. These cover technical limits, practical
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concerns, skill gaps, and ethical risks, and it suggests future research paths. Section 5 sums up
results and practical value.

2. Theoretical background
2.1 Traditional software engineering process

Traditional software engineering follows five main stages: needs review, system planning, coding,
testing, and maintenance. It works step by step, from clear goals and structure to program writing,
bug finding, and stable service after release in real practice today [4].

2.2 Core Al technologies related to software engineering

The link between artificial intelligence and software engineering depends on three main tools:
machine learning, natural language processing, and large language models.First, machine learning
works as the main engine. It appears in supervised tasks, such as defect prediction and need
grouping, using past project data and methods like support vector machines and random forests. It
also appears in unsupervised tasks. These include code grouping and similarity checks, which help
reduce repeated code. The next area is natural language processing. It gives meaning support for
software work. It applies tools like word splitting and entity tagging. These methods turn free text
into clear data and improve requirement study accuracy [5]. Models such as BERT find conflicts in
files. This lowers manual effort and raises overall work efficiency for teams in real projects today
often.

Large language models mark a new stage of generative intelligence in software engineering. With
training on large datasets, they can perform tasks such as code writing and error repair [6].

2.3 Technical complementarity and paradigm evolution of AI and software engineering

The synergy between Al and software engineering comes from their technical fit. Software
engineering offers a clear structure, and Al adds automation and smart functions. This reduces
manual work and improves efficiency levels.The integration of the two realizes "1+1>2"—the
structured data of the former provides samples for AI model training, and Al technology promotes
software engineering from "artificial driven" to "data and intelligence dual driven". From the
perspective of paradigm evolution, Al-driven software engineering has gone through three stages:
the "auxiliary tool" stage (Al acts on a single link with an independent tool), the "process
embedding" stage (Al is deeply integrated into each process, such as the rapid transformation from
requirements to code), and the "whole process intelligence" stage (LLM runs through the whole
process to realize end-to-end intelligence and closed-loop optimization) [7]. At present, the industry
is moving towards the third stage, and the whole process intelligence is the core direction in the
future [8].

3. The core scenarios and practical applications of Al in software engineering
3.1 Application of Al in requirements analysis

Requirements analysis is crucial in software engineering, as its quality directly impacts project
success. Traditional methods often suffer from inefficiency and high error rates. Al, with its
automation and intelligent analysis capabilities, addresses these pain points effectively. The core
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applications are concentrated in three aspects: For requirements acquisition, the NLP system can
automatically extract and classify requirements from multi-source data such as app store reviews to
solve the problem of time-consuming information leakage by manual methods [9]. The related
modules of Microsoft Dynamics 365 have reflected the efficiency value. In requirements conflict
resolution, Al identifies contradictory requirements through semantic graphs, and SAP's Al system
can combine historical data to quantify risks and output solutions. In terms of requirements tracking,
Al uniquely identifies requirements, establishes the whole process association, automatically locates
the affected links when requirements change, and reduces rework and shortens the delivery cycle
after the application of the head bank [10].

3.2 Application of Al in software design and development

Software design and development stay at the heart of software engineering. Al tools try to lift design
quality and speed up coding. Their main uses fall into three fields: smart architecture planning, code
creation and tuning, and help for component reuse. In architecture work, Al studies many past
projects and links them to current needs. This avoids plans that are too complex or too basic [11].
Microsoft Azure tools are now used in many firms. They shorten the full design cycle. GitHub
Copilot and similar systems can write code and remove repeated parts [12]. The CodeLlama model
supports language transfer and cuts platform change costs [13]. Reuse tools match and adapt
modules by themselves. IBM systems raise reuse levels and lower repeated development work. This
supports faster delivery in real projects.

3.3 Al applications in software testing and operation and maintenance

Testing and maintenance are central to software quality. Al tools move these stages forward with
automation and prediction. They lower labor needs and raise work speed. In testing, Al builds wide
test sets. In operations, AWS CloudWatch AlOps finds faults early and speeds checks, while IBM
systems adjust resources and reduce costs [14]. This change supports stable, large-scale services for
modern firms in real practice today worldwide across many sectors.

3.4 Typical industry application cases

Software needs in engineering vary by industry, so Al tools receive different types of attention.
Manufacturing and auto fields focus on stable systems. Volkswagen uses Google Gemini in its
myVW car service. The smart check unit finds software and hardware mismatch issues early. This
cuts repair demand and speeds fault response. Finance puts weight on risk control and rule
compliance. Standard Chartered Bank and PWC built a generative Al test tool for customer services.
The system found 17 defect types with NLP checks [15]. Review speed increased by 65 percent.
Output accuracy rose from 78 percent to 99.2 percent [15]. The Internet field prefers fast change.
The Snap social app in the United States upgraded “My AI” with Gemini. This cut the need review
cycle from five days to one day. Automatic coding reduced release time by 40 percent. Maintenance
tools kept delays under 50 ms, and daily use grew by 18 percent [16]. These cases show Al goals
change with context, scale, and work needs in practice.
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4. Challenges and future in the integration of Al and software engineering
4.1 Technical challenges

In software engineering, Al still faces three main technical limits: low transparency, weak data
quality, and poor cross-scenario use. Many Al systems work like black boxes. Their inner rules are
hard to see, so their decisions are hard to explain. This lack of clarity restricts use in areas like
finance and healthcare, where clear logic is needed. Labeled data for software tasks costs a lot to
make. Data samples stay small, and most sets come from mature Internet projects [17]. This narrow
source lowers model strength. Missing data in special fields also hurts learning and slows real use.
At the same time, cross-scenario transfer remains weak. Projects differ by field, size, and form.
Models trained in one case often fail in others, so wide reuse is still hard [18]. This problem slows
stable adoption and limits large-scale industrial use in real practice today.

4.2 Challenges at the engineering practice and talent level

The core obstacles for enterprises to implement the integration of Al and software engineering focus
on three aspects. The first is the lack of compatibility between tools and processes. The existing tool
chains such as Jira and Git are disconnected from the data and processes of new Al tools, which
makes it difficult to realize automatic closed-loop. Second, the threshold for team adaptation is high,
developers will not use advanced functions of Al tools, and the training cost is high, which is
difficult for small and medium-sized enterprises to afford. Third, interdisciplinary talents are scarce.
Talents with both Al and software engineering capabilities are in short supply, difficult to recruit,
high cost, and significant salary premium of relevant positions are still vacant [19].

4.3 Assessing management and ethical compliance challenges

The use of artificial intelligence (AI) in software engineering faces many barriers that slow its
progress. A major issue is how to measure Al value. The costs of adoption are clear, but the expected
gains, such as lower failure risk, lack solid financial proof, and this weakens business interest.
Security and intellectual property also raise concern. Data may leak during model training, and Al
tools may reuse protected code. These risks require careful control. Ethical rules remain another
problem. Al systems can produce biased code, and responsibility for related errors is hard to assign
[20, 21]. These unresolved issues continue to limit trust and restrict large-scale deployment in real
projects in practice today.

4.4 Future research directions

To address the technical, practical, and ethical problems described above, future research on Al and
software engineering should seek clear progress and workable answers, with a few main directions
to guide work. First, develop Al that is transparent and dependable for software tasks. This can be
achieved by mixing knowledge graphs with causal tools to improve clarity, and by building open
systems for high-risk fields like finance and healthcare. And, create a shared evaluation framework.
Universities, companies, and professional bodies should cooperate to set multi-level standards that
measure efficiency, quality, and safety in both design and real use. What’s more, promote new styles
of human—Al teamwork. Roles should be clear, so Al handles routine duties and people focus on
creative work, supported by Al-based decision tools for smoother cooperation in practice.
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5. Conclusion

This study explores how artificial intelligence, or Al, enters software engineering. It uses a
“technology—scenario—challenge—direction” frame to review Al use across many stages of software
work. The results show strong links between Al and this field. They also show a clear change. Al is
not only a helper now. It has become a main driver of smart processes. With real cases from several
sectors, the study shows how Al helps with requirement analysis, system design, and code building.
It also explains how good adaptation can improve daily efficiency.

The paper looks at common limits in Al use. It then gives advice for both scholars and
practitioners. For academic research, it calls for more work on interpretable models and few-shot
learning. It also asks for shared datasets and common evaluation rules. For small and medium firms,
the advice is to use mature tools first. Large companies should build integrated platforms and
strengthen data protection.

A shortage of skilled staff remains a serious problem today. To close this gap, the study backs
shared training plans. These cover school links and in-house courses. It highlights cross-field
learning and long-term skill growth programs for workers today. With these steps, the sector can
build broader skills and reduce the lack of trained experts here over time. Such actions support
steady and responsible development in practice today.
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