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Abstract. This paper explores the potential of Large Language Models (LLM) to
optimize various stages of the software development lifecycle, including require-
ments elicitation, architecture design, diagram creation, and implementation. The
study is grounded in a real-world case, where development time and result quality
are compared with and without LLM assistance. This research underscores the
possibility of applying prompt patterns in LLM to support and enhance software
development activities, focusing on a B2C digital commerce platform centered
on fashion retail, designated LUNA. The methodology adopted is Design Sci-
ence, which follows a practical and iterative approach. Requirements, design sug-
gestions, and code samples are analyzed before and after the application of lan-
guage models. The results indicate substantial advantages in the development
process, such as improved task efficiency, faster identification of requirement
gaps, and enhanced code readability. Nevertheless, challenges were observed in
interpreting complex business logic. Future work should explore the integration
of LLM with domain-specific ontologies and business rule engines to improve
contextual accuracy in code and model generation. Additionally, refining prompt
engineering strategies and combining LLM with interactive development envi-
ronments could further enhance code quality, traceability, and explainability.

Keywords: Large Language Models, Prompt Engineering, Software Develop-
ment Lifecycle.

1 Introduction

As Large Language Models (LLM) continue to advance, researchers are increasingly
exploring their capabilities across specialized domains, including software engineering.
These models have demonstrated significant effectiveness in tasks such as code gener-
ation and identifying software vulnerabilities [1]. While LLM have demonstrated po-
tential in basic programming tasks, their role in more complex tasks requiring semantic
understanding and contextual reasoning remains less explored. This research examines
how LLM can support different stages of the software development lifecycle, from re-
quirements engineering to design and implementation. This research uses the LUNA (a
previously developed B2C digital commerce platform focused on fashion retail) as a
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case study. It compares outputs produced with LLM assistance to those without, focus-
ing on quality, standards compliance, semantic accuracy, and development time. The
main research problem is whether LLM can meaningfully contribute beyond code gen-
eration, especially in critical activities like requirements elicitation and architectural
modeling. This work weaves into an expanding corpus body of research on the use of
LLM in software engineering. Beyond development acceleration, this research investi-
gates how LLM can maintain or improve the quality and precision of software artifacts.
The research gives handy insight into the application of LLM in complex software pro-
jects, particularly addressing gaps in semantic modeling and code quality assessment.

2 Related Work

The concept of pattern is often referenced in the works of Alexander [2] who collected
and documented patterns in the field of architecture. A solution pattern is a generic
solution to a specific problem in a way that it can be repeatedly applied in different
contexts [3]. The idea of patterns was extrapolated to software, with patterns being de-
veloped for object-oriented modeling [4],[5], for object-oriented design and program-
ing [6], for exploring techniques, strategies, and applications [7] and for writing soft-
ware requirements [8], among many other studies.

Since 2020, prompt patterns have become a vital area of research for the evolution
of generative Al systems. As models grow in complexity and capability, increased at-
tention has been directed toward how prompts can be designed, refined, and optimized.
Prompt patterns are analogous to software patterns, offering structured techniques to
improve interaction with LLM [9]. Indeed, as LLM like ChatGPT become an integral
part of software engineering, the need for prompt engineering emerges, similar to the
development of software design patterns. This transition underscores the importance of
systematic approaches to enhancing the effectiveness of prompts in software develop-
ment. Recent research continues to explore new strategies to enhance human—machine
interaction. Studies suggest that the use of structured prompt patterns with models such
as ChatGPT can lead to a 41% increase in software development efficiency compared
to traditional methods [10].

The taxonomy of prompt design dimensions proposed by Braun et al. [11] offers a
valuable framework for future research on how prompt construction influences user
interaction with Al systems. Similarly, the AutoDev framework introduced by Tufano
et al [12] presents an Al-driven structure that automates software engineering tasks,
enhancing both efficiency and security. Although the study does not explicitly analyze
ChatGPT prompt patterns, AutoDeV's capabilities simplify complex development tasks
and improve productivity in real-world software engineering applications. Empirical
studies applying LLM in software engineering environments have produced important
lessons. Schmidt et al [13] emphasize the need to move beyond ad hoc prompting prac-
tices, advocating for more systematic and reusable approaches. Prompt patterns serve
as foundational components of prompt engineering, providing proven solutions to re-
curring problems and accelerating task resolution across multiple phases of the software
development lifecycle. Future work in this field of research should aim to enhance the



robustness of these models, reduce hallucinations, and improve their handling of com-
plex modeling scenarios [13].

From Kim’s perspective [14], prompt-based software engineering streamlines devel-
opment by automating repetitive tasks and generating high-quality outputs. Liang et al.
[15] take this idea further, arguing that certain types of prompts can be considered pro-
grams in themselves. They propose that prompt development constitutes a distinct phe-
nomenon in programming, coining the term prompt programming to describe this
emerging paradigm. Patil & Gudivada [16] present a comprehensive evaluation of
LLM performance in tasks such as code generation, refactoring, and debugging. Their
findings underscore the strengths of tools like OpenAl's ChatGPT and GitHub Copilot,
particularly in producing syntactically correct code with relatively low error rates.
Nonetheless, the study highlights several limitations, including hallucinations, limited
semantic depth, and challenges in maintaining context throughout extended interac-
tions. In the realm of software modeling, Camara et al. [17] investigate the use of
ChatGPT for generating Unified Modeling Language (UML) class diagrams with Ob-
ject Constraint Language (OCL). While results show that LLM are proficient in tasks
with structural similarity to programming languages—such as OCL expressions, the
models struggle with complex modeling constructs, including association classes and
multiple inheritance. Moreover, variability in responses to identical prompts raises con-
cerns regarding consistency and repeatability—critical factors in model-based devel-
opment. The quality of LLM-assisted output is also affected by factors such as prompt
formulation and model configuration. While research such as [8] emphasizes the role
of hyperparameter tuning in optimizing model behavior, tools like ChatGPT do not
provide access to such parameters, instead relying on prompt design to guide output
behavior. In summary, LLM hold substantial promises in software engineering tasks,
particularly in code-centric activities [16]. However, their application to software mod-
eling still presents limitations in reliability, structural consistency, and semantic preci-
sion [17].

Despite LLM advances in automating software development tasks, including code
synthesis, program repair and test generation [19], it appears that comparative analysis
in relation to traditional development methods remains insufficiently studied.

3 Methodology

The methodology used in this work — Design Science — is a research methodology
suited to the fields of Information Systems and Software Engineering for the creation
of an artifact, Design Science is the design and investigation of artifacts [18], serving
as the theoretical foundation supporting the scientific validity of the work. This ap-
proach was selected because it enables systematic evaluation through iterative devel-
opment cycles while maintaining practical relevance through continuous evaluation.
Specifically, the study seeks to answer the following research questions:

1. What is the impact of LLM on the efficiency and quality of requirements elic-

itation, design, and coding tasks?



2. How does LLM-generated UML compare to human-created diagrams in terms
of syntax, semantics, and practical value?

3. What limitations emerge when LLM are applied to domain-specific logic and
complex software modeling?

Problem investigation

Treatment implementation

Implementation evaluation

Fig. 1. Wieringa Engineering activities

Fig. 1, presents the activities underlying the Wieringa Engineering cycle [18] involved
in the artifact creation process. In the problem investigation activity, the needs related
to the research questions under study were identified; treatment design: interaction be-
tween artifact and context; treatment validation allows identification of changes in the
artifact and/or context; treatment implementation: transfer to practice; implementation
evaluation involves checking whether the designed artifacts support the initial assump-
tions.

The manual LUNA software development process, serving as the baseline, adopted
a traditional agile Scrum methodology. It involved iterative development cycles with
manual coding, debugging, and deployment of components such as a web-based man-
agement platform (using React.js for frontend and Node.js with Express for backend)
and a mobile commerce application (using Flutter). Each feature was manually planned,
coded, reviewed, and tested through conventional user acceptance tests and functional
usability tests. This manual approach relied heavily on direct developer input for coding
standards adherence and semantic accuracy, as detailed in previous internal documen-
tation and iterative sprint retrospectives.

To systematically define qualitative aspects such as ‘enhanced code readability and
semantic accuracy', we implemented a structured evaluation protocol. Code readability
was assessed using automated metrics (e.g., SonarQube scores) complemented by peer
review checklists ensuring consistency. Semantic accuracy in UML modelling was
evaluated through a defined rubric where evaluators systematically categorized dia-
grams according to explicit criteria, such as the specificity of model elements, clarity
of relationships, and risk of semantic misunderstanding. Inter-rater reliability was en-
sured through calibration sessions among evaluators, mitigating subjectivity risks.

4 Comparison with the LLM-assisted approach

This section provides benchmark data on the effort and accuracy of the various ele-
ments of the LUNA software development process, allowing a direct comparison be-
tween manual work and work assisted by LLM. The manual LUNA software



development process served as a basis for comparison with the LLM-assisted approach,
covering requirements gathering, architectural design, UML modeling and coding ac-
tivities. These activities followed traditional practices based on expert knowledge,
standard design patterns, and iterative validation through peer review. The source code
was written from scratch, and testing was fully manual.

4.1  Requirements Engineering

Requirements are the base of all software products, and consequently, requirements
engineering plays an important role in system development [20]. To explore the appli-
cation of LLM in requirements elicitation, a tailored prompt was developed based on
IEEE 830-1998 requirements specification guidelines and the Software Engineering
Body of Knowledge requirements engineering practices. The prompt design incorpo-
rated key principles of effective prompt engineering [10]: Contextualization: Clearly
defined project scope, including mobile app and back-office functionalities. Explicit
Intent: Clear objective to identify and categorize functional and non-functional require-
ments. Constraints: Responses limited to relevant requirements, categorized as manda-
tory or optional. Specificity: Targeted questions on security, scalability, usability, and
social media integration. Logical Structure: Use of numbered lists and bullet points to
enhance analysis and coherence. The prompt was applied to the LUNA platform. The
output, Fig. 2, was systematically structured into three major categories: Functional
Requirements include user authentication, sales processing, inventory control, and so-
cial media integration. Non-Functional Requirements: covering security, performance,
scalability, and usability—ensuring compliance with industry standards and good en-
gineering practices. Behavioral Insights: Requirements tied to social media data collec-
tion and analysis, enabling personalized marketing strategies and behavioral analytics.

The model’s response not only organized these elements coherently but also vali-
dated the technical and strategic feasibility of the proposed system.



Category

Functional Requirement — Mobile App

Functional Requirement — Mobile App

Functional Requirement — Mobile App

Functional Reguirement — Commercial Platform

Functional Requirement — Commercial Platform

Mon-Functional Requirement

Maon-Functional Requirement

MNon-Functional Requirement

Man-Functional Requirement

Sedal Media Integration Requirement

Sodal Media Integration Requirement

Sodal Media Integration Requirement

Sub-Category

User Management

Product Catalog & Search

Shopping Cart & Checkout

Inventory & Order Management

Social Media Integration

Security

Performance

Scalability

Usability

Data Analytics

Marketing Automation

User Behavior Insights

Examples

Registration, Login, Profile Editing

Browsing, Filtering, Product Datails

Cart Operations, Payment Methods, Order Confirmation

Stock Management, Order Tracking, Sales Dashboard

Sodal Legin, Behavior Data Collection, Campaign Tracking

GDPR, Encryption, Secure Payments

Fast Response Time, APl Performance, High Availability

Auto-scaling, Cloud Infrastructure

Responsive Design, Accessibility, Intuitive Navigation

Sentiment Analysis, Influencer Detection

Campaign Scheduling, Performance Analytics

Trends Tracking, Personalized Recommendations

Fig. 2. Functional and Non-Functional Requirements identified, generated by ChatGPT.

The use of LLM significantly reduced the time required for requirements gathering and
structuring, Table 1. In a controlled study, empirical results show that the traditional
approach required approximately 7 hours, while the Al-assisted method completed the
task in 3 hours, representing a 42.86% reduction in time. This improvement is due to
the model’s ability to rapidly synthesize information, detect patterns, and provide or-
ganized outputs. Moreover, the structured prompt strategy ensured that the results were
relevant and aligned with the project scope.

Table 1. Comparison of time spent on requirements elicitation using traditional methods versus
the Al-assisted approach.

Approach Time Required (hours) Time Saved % Improvements Qualitative Notes
Manual 7 : : Standard elicitation
(Traditional) with interviews
Al-Assisted 3 4h 42.86% Structure, low ambi-
guity, faster synthetis

In addition to time savings, the Al-assisted process enhanced the quality of the require-
ment specification by reducing ambiguity and improving precision. These findings
highlight the potential of LLM as effective tools for critical software engineering pro-
cesses and open avenues for further research into Al-assisted requirements engineering.

4.2  Architecture

The widely used three-layer architectural model served as the foundation for the origi-
nal LUNA system design. It was organized to distinguish between the data layer (Post-
greSQL), the application layer (Node.js with Express), and the presentation layer,
which comprised a web platform (React.js) and a mobile application (Flutter). In ac-
cordance with established practices for software engineering, this strategy sought to



guarantee modularity, scalability, and maintainability. But as Al-assisted development
techniques were investigated, it became clear that including LLM might inevitably re-
sult in a unique architectural vision, especially when it came to automation, modular
code creation, and more infrastructure flexibility, Fig. 3.

Layer Technologies / Tools Description

Presentation Layer (Web} Nextjs (React Framework) API-first web front-end with SSR and S5G support, optimized for scalability and
performance

Presentation Layer (Mobile} Flutter Cross-platform development framework for mobile applications

Application Layer Node.js with NestIS Modular backend with dependency injection, promoting clean architecture and
scalability

Al Layer OpenAl AP, LangChain Dedicated layer for prompt management, code generation, automated testing
and documentation

Database Layer PostgreSQL (Cloud RDS) Robust relational database for structured data storage

Infrastructure AWS Lambda, AP| Gateway Serveriess architecture to ensure scalability, cost-effidency, and event-driven

execution
DevOps & Quality GitHub Actions, SonarQube Automated CI/CD pipeline with integrated code quality analysis
Monitoring & Observability Sertry, Prometheus Real-time error tracking, system monitoring, and performance metrics
APl Management AWS AP| Gateway or Kong API lifecycle management, security, and analytics

LLM Assistants GitHub Copilot, ChatGPT API Al-zssisted code completion, documentation generation, testing support

Fig. 3. Al-Assisted architecture proposed for LUNA

The layered structure is maintained while major alterations are introduced in the archi-
tectural concept covered in this study, which is based on Al-driven development pro-
cesses. The substitution of React.js for Next.js in the web front-end was one of the
primary changes. This decision was driven by Next.js's support for server-side render-
ing and API routes, which complement the "API-first" methodology promoted by
LLM-assisted code generation. The substitution of Express for NextJS in the applica-
tion layer was another significant change. Express was adequate for the manual devel-
opment stage, but NestJS provides more organized, flexible, and scalable framework—
features that are especially crucial when some code is generated or optimized with Al
support.

Furthermore, a specialized Al layer is incorporated into the new design, which was
absent from the original version. This layer was created to centralize prompt manage-
ment, automatic code scaffolding, test creation, and documentation—elements that nat-
urally arose during the Al model experimentation—in addition to consuming LLM
APIs. The specialized Al layer introduced in the LUNA architecture acts as an inter-
mediary facilitating interaction between frontend/backend layers and external Al ser-
vices. This layer includes clearly defined API endpoints for task-specific Al interac-
tions (e.g., code generation, model evaluation), robust error handling mechanisms, and
an auditing module for monitoring Al-generated outputs. Detailed architectural dia-
grams and implementation guidelines for this Al layer have been documented to assist
other practitioners aiming to integrate similar Al capabilities into their software sys-
tems. The shift to a serverless approach based on AWS Lambda and APl Gateway is a
logical progression from an infrastructure standpoint, emphasizing scalability and op-
erational simplicity, particularly in situations where development speed is crucial. Alt-
hough these architectural changes seek to utilize LLM-enhanced development features,



it is recognized that every replacement like switching to Next.js or NestJS brings trade-
offs regarding learning curve, maturity of the ecosystem, and complexity of integration,
warranting additional empirical assessment

4.3  UML Modeling

UML modeling plays a foundational role in visualizing and validating software struc-
ture prior to implementation. Traditionally, this task is handled by experienced engi-
neers who manually derive diagrams such as class, use case, sequence, and component
diagrams from requirements. With the emergence of LLM, we explored Al-assisted
diagram generation by crafting detailed prompts and using the PlantUML tool to con-
vert the LLM-generated textual descriptions into visual diagrams. PlantUML was se-
lected due to its open-source nature and compatibility with textual UML generation
across multiple diagram types (https://plantuml.com/). Prompts were designed to de-
scribe system architecture in detail, requesting UML outputs from models such as
ChatGPT. The generated text was then processed by PlantUML to produce diagrams,
Fig. 4. The process revealed several critical limitations, including syntax issues, lack of
deep contextualization, structural weaknesses, and static outputs. In contrast, manual
modeling demonstrated significant advantages, such as higher accuracy, better struc-
ture, and iterative refinement.

Customer selects payment

Customer places the order
System checks stock

Items available?

Payment valid?

<
m
e

Payment error notified

Payment confirmed

Order Preparation

Order dispatched

Customer receives the
order

Order status: Completed

Error: Items unavailable

e

.

Fig. 4. Automatically generated flowchart from LLM prompt.

These findings reinforce that while LLM are useful in kickstarting UML modeling,
final models still require human judgement, critical thinking, and architectural expertise
to ensure robustness and accuracy. To consolidate these observations, the Table 2 pre-
sents a comparative summary between manual and Al-assisted UML modeling.
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To provide a structured comparison between human-driven and Al-assisted UML
modeling, this study adopted a set of quality criteria inspired by established literature
on model quality assessment [22], [23], [24]. These dimensions reflect common attrib-
utes used to evaluate conceptual models in Model-Driven Engineering and software
design. Table 2 summarizes the key criteria applied in this study.

Table 2. Comparative Evaluation of UML Models: Manual vs. LLM-Assisted Approaches

Criteria Manual Modeling LLM-Assisted Modeling
High — reflects system logic and do- Medium — prone to semantic errors
Accuracy main requirements precisely and generic representations

Often requires syntax correction (e.g.,

Syntax Reliability Always syntactically valid PlantUML errors)
. Supports iterative refinement based on Requires full re-prompting for each
Adaptability feedback adjustment
. Strong — interprets business logic and Weak — struggles with complex or
Semantic Context specific requirements domain-specific interactions
Speed (Initial Draft) Slower for initial creation Faster generation of basic structure
. - High — directly applicable in develop- | Limited — requires human review and
Final Usability ment workflows refinement
4.4  Coding

This section evaluates the quality of the source code generated by LLM, comparing it
to code manually written by developers in the development of LUNA. The evaluation
focuses on essential software quality characteristics aligned with the ISO/IEC 25010
standard [25], namely: maintainability, reliability, and efficiency. The objective is to
analyze and compare code clarity, adherence to best practices, structural quality, and
development productivity. The analysis focused particularly on the Maintainability
characteristic, which includes sub-characteristics such as Analyzability, Modifiability,
Modularity, and Testability. To operationalize these quality dimensions, specific met-
rics widely adopted in the software engineering field were selected and applied using
SonarQube — a static code analysis tool. The evaluated metrics are summarized in
Table 3.

Table 3. Code quality metrics selected for this study, aligned with ISO/IEC 25010 sub-char-
acteristics.

Metric ISO/IEC 25010 Sub-Characteristic Purpose

Cyclomatic Measures code complexity and potential dif-

Complexity Analyzability / Modifiability ficulty in understanding and modifying code.

Code Smells Analyzability / Modularity Identifies bad practices affecting code clarity

(SonarQube) and maintainability.
Bugs Detected Reliability Detecting potential defects compromising
(SonarQube) system stability.
Mosdularity Modularity / Reusability Evaluates component'independence and co-
core hesion.
Maintainability

Index Maintainability (Composite Indicator) | Aggregates multiple aspects of code quality.
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Documentation
Coverage

Evaluates clarity through comments and

Analyzability code documentation.

Linting Compli-
ance

Verifies adherence to coding standards (e.g.,

Maintainability / Modifiability ESLint for JavaScript)

All source code, both LLM-generated and human-written, was processed using So-
narQube to detect issues such as bugs, code smells, duplicated code blocks, and docu-
mentation coverage. The results are shown in Table 4, in which the values reflect the
averages of three LUNA modules: User Registration, Order Processing, and Inventory
Management.

Table 4. Comparative results of code quality metrics between manually written and LLM-
generated code. Values reflect averages across three core modules of the LUNA.

Metric Human Code LLM-Generated Code
Cyclomatic Complexity (avg) 4.2 3.1
Code Smells (per 1k LOC) 3 7
Bugs Detected (Number) 0 2
Modularity Score (0-10) 8.5 7.2
Maintainability Index (0-100) 82 74
Documentation Coverage (%) 65 40
Linting Compliance (%) 96 88

The results indicate that LLM-generated code is generally syntactically correct and log-
ically consistent, but tends to exhibit higher complexity in certain situations, increased
code smells, and lower documentation coverage. Despite these limitations, LLM-
generated code was considered usable after minor adjustments. Beyond code quality,
development productivity was also evaluated, considering the time spent creating and
refining each module. Prompt engineering involved iterative refinement of input
prompts tailored for various development tasks. For example, initial prompts for code
generation were overly generic, yielding suboptimal code. Through successive refine-
ment (e.g., specifying task context, expected coding standards, and framework-specific
guidelines), prompt effectiveness improved significantly. A specific instance included
refining a React.js component prompt from a generic ‘create a Ul component' to a de-
tailed ‘create a responsive login form using Tailwind CSS with validation logic in React
Hook Form', dramatically enhancing generated code quality. The times spent are de-
tailed in Table 5.

Table 5. Time spent on manual vs LLM-assisted development across three functional modules.
Post-edit time includes reviewing and refining Al-generated outputs.

Human Time LLM Time Post-edit Time Net Time Saved
Module . . . .
(min) (min) (min) (min)
User Registration 90 40 20 30 (33%)
Order Processing 100 42 25 33 (33%)
Inventory Management 110 45 27 38 (35%)
Average 100 42.3 24 ~34 (34%)

On average, the use of LLM reduced development time by approximately 34%, even
considering the time required for reviewing and correcting the generated code. This
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result aligns with findings from other studies [10] reporting productivity gains between
30% and 40% when applying prompt engineering techniques to LLM-based develop-
ment. In practical terms, the LLM allows developers to dedicate less time to routine
coding tasks and focus more on higher-level concerns such as architecture refinement,
optimization, and testing strategies. However, it became evident that the effectiveness
of LLM strongly depends on the quality of prompts and the developer’s ability to guide
and review the model's output.

The architectural decision to transition from React.js to Next.js and from Express to
NestJS was driven by enhanced server-side rendering capabilities, improved modular
architecture, and ease of integration with advanced Al functionalities. However, these
shifts introduced trade-offs, including increased initial complexity and the necessity for
developer re-training. Potential challenges included managing the learning curve asso-
ciated with NestJS’s advanced decorators and modular dependency injection system,
which were mitigated through targeted training sessions and comprehensive documen-
tation.

5 Discussion of results

This section discusses the results obtained from the development of the LUNA using
both manual and LLM-assisted approaches. The evaluation focused on performance,
efficiency and quality at different stages of the software development lifecycle.

Results indicate that the use of LLM, particularly ChatGPT, significantly accelerated
early-stage tasks such as requirements elicitation and initial design modeling. The struc-
tured application of prompt patterns enabled a 42.86% reduction in the time required
for requirements analysis, while improving clarity and organizational output. These re-
sults are in the same direction as [21], where they demonstrated the effectiveness of
LLM, such as GPT-4 and CodeLlama, in generating and validating software require-
ments specifications with a high degree of accuracy and completeness. Nonetheless,
manual validation remained necessary to ensure accuracy. In addition to requirements
and design, LLM contributed to faster code generation, and documentation, allowing
developers to focus more on architecture refinement and user experience improve-
ments. These findings align with Hamdi & Lim [1], who reported productivity gains of
approximately 41% in Al-assisted development using prompt patterns with ChatGPT-
4. Despite these positive outcomes, several challenges were identified. Maintaining
context throughout complex tasks, especially during integration phases, remains diffi-
cult for LLM. Moreover, the type and structure of prompts used continue to play a
critical role in output quality — a topic that warrants further research.

Preliminary code quality analysis showed that LLM-generated code is generally
well-structured and readable. However, it often lacks robustness in error handling and
domain-specific logic when compared to human-written code. Manual code demon-
strated greater alignment with business rules and architectural constraints, despite tak-
ing longer to produce. Overall, these results reinforce the potential of LLM as valuable
support tools in software development, particularly for accelerating repetitive or
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structured tasks. Nevertheless, their current limitations prevent them from fully replac-
ing human expertise in critical or context-sensitive development activities [16], [17].
Several threats to validity were identified and mitigated during the study. Partici-
pant-related bias was addressed by selecting a diverse developer group with varying
experience levels with LLM-assisted development. The learning effect associated with
LLM interaction was minimized by ensuring all developers underwent standardized
LLM familiarization sessions. Baseline bias, resulting from the manual development
approach, was mitigated by thoroughly documenting manual processes and using con-
sistent criteria across both development scenarios to maintain fairness and comparabil-

ity.

6 Conclusion

This study evaluated the practical use of LLM guided by prompt engineering across
different phases of software development, using the LUNA as a real-world case study.
The results indicate that LLM can significantly improve development efficiency, par-
ticularly in elicitation requirements.

Structured prompts proved essential to obtaining coherent and usable outputs, alt-
hough human validation and refinement remained necessary, especially in complex
tasks.

Preliminary results comparing Al-generated and manually written code suggest that
LLM produce clean and syntactically correct code but struggle with complex business
logic, edge cases, and contextual adaptation, areas where human developers continue
to excel. The most significant challenges observed were: limited handling of edge cases
and input validation; less consistent naming conventions and modularity; reduced doc-
umentation and comments. As Al adoption expands in software engineering, prompt
engineering emerges as a critical practice, bridging the gap between human intent and
LLM capabilities.

While LLM demonstrated potential in accelerating routine tasks, their application in
system architecture and UML modeling still presents limitations. Human expertise re-
mains essential to ensure quality, correctness, and alignment with complex business
domains. In conclusion, the Al-focused design illustrates a potential future evolution of
the LUNA, whereas the initial architecture adhered to traditional engineering principles
and was implemented entirely by hand. It was influenced by the opportunities and dif-
ficulties found during the research as well as by the experience of utilizing LLM. It is
crucial to emphasize that this history shows how Al-assisted development might impact
the architectural choices of contemporary software systems rather than invalidating the
original design.

Future work should explore more advanced LLM fine-tuning, domain-specific train-
ing corpora, and hybrid human-Al workflows to improve semantic accuracy, test cov-
erage, and architectural consistency.
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