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Abstract—This study examines the application of large lan-
guage models (LLMs) for automating domain layer reconstruc-
tion in legacy systems, with a specific focus on a case study
involving water consumption management. The process begins
with a deliberately disordered JSON representation that con-
flates domain, application, and infrastructure issues. An LLM,
specifically GPT-5.2, was employed to identify misplaced methods,
inconsistent naming, DTO misuse, incoherent aggregates, and
unrelated modules, and subsequently reorganize the model into a
structure aligned with Domain-Driven Design (DDD). The struc-
ture includes entities, value objects, aggregates, domain services,
domain events, and repositories. The methodology involves encod-
ing the legacy model as JSON, applying an LLM-based diagnosis
and reconstruction pipeline, and producing both a refined domain
model and a categorized catalogue of corrections. A comparative
analysis of candidate LLMs, informed by recent code-centric
benchmarks, such as SWE-bench and LiveCodeBench, supports
the selection of GPT-5.2 as the primary model for this study. The
findings indicate that the LLM can swiftly recover key domain
concepts and achieve semantically consistent refactoring, a task
that typically requires extensive manual effort. This suggests that
LLM-assisted domain reconstruction is a promising adjunct to
traditional refactoring practices and can facilitate continuous
architectural improvements in organizations.
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I. INTRODUCTION

Legacy software systems represent a significant challenge
in modern software engineering, where aging codebases con-
tinue to serve critical business functions despite outdated ar-
chitectures and technologies. These systems often lack proper
documentation, use obsolete programming languages or frame-
works, and contain years of accumulated technical debt, mak-
ing them difficult and risky to modify. Domain extraction
is a crucial refactoring technique that involves identifying
and separating distinct business domains or functional areas
within monolithic systems to improve maintainability and en-
able modernization. However, extracting domains from legacy
systems presents unique obstacles compared to working with
newer codebases, including unclear business logic boundaries,
tight coupling between components, and the absence of clear
architectural patterns in the code. This process requires care-
ful analysis to avoid introducing bugs or breaking existing
functionality, while successfully isolating cohesive business
domains that can be independently developed and deployed.

A. Domain Concepts in Modern Software Architecture

The concept of a domain in software engineering pertains
to the comprehensive body of knowledge relevant to the
problem at hand, encompassing the entire business area or
specific support areas where particular categories of software
systems are employed [1][2]. More specifically, a domain
can be characterized as an area of expertise abstracted from
the implementation details of the software, representing the
minimal set of properties that accurately delineate a family of
problems for which computer applications are necessary [1][5].

The domain layer is central to the domain-centric software
architecture, encompassing the core logic of the developed
software and serving as a pivotal reference throughout the
application [6]. The domain model offers a representation of
real-world entities and their interrelationships, which define the
problem space of a system. It functions as a communication
tool for all stakeholders, facilitating the emergence of concepts,
such as ubiquitous language in Domain-Driven Design [3][2].

Domain engineering involves domain analysis, focusing
on developing and maintaining reusable infrastructure within
specific domains, and domain implementation, which includes
application and component engineering [1]. The objective
is to enhance domain information accessibility and extract
relevant components from repositories rather than building new
components. This methodology prioritizes the reusability of the
analysis and design, not solely the code.

B. Challenges in Domain Extraction for Refactoring

The task of extracting domains to refactor legacy sys-
tems involves unique challenges that hinder the modernization
efforts. A key challenge is determining service boundaries
within monolithic architectures, which leads to inadequate
service decomposition. This affects the system performance,
scalability, and maintainability [4]. Legacy applications are
not built with service-oriented principles but contain reusable
functions that can become services [7].

A significant challenge is the structural disparity between
the code organization and domain concepts. Source code rarely
indicates the system’s high-level components, and syntactical
analysis can produce clusters that do not correspond to do-
main concepts owing to differing organizational patterns. This
gap complicates the identification of refactoring opportunities
where the benefits are evident [9].

Migration remains largely manual and labor-intensive, with
methodologies providing guidance at the architectural level,
often overlooking the code-level challenges [8]. When domain
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models supplement static code analysis, their misalignment
with the source code complicates the extraction process [7].

C. AI Domain Knowledge Extraction Capabilities

Modern AI systems effectively derive domain-specific in-
sights from source codes using complementary techniques.
Abstract Syntax Trees (ASTs) represent code’s structural char-
acteristics, enabling machine learning algorithms to discern
syntactic relationships and semantic elements [10][19]. These
structures allow AI models to leverage the organized nature of
programming languages rather than processing code as linear
text [20].

The construction of knowledge graphs is a pivotal capabil-
ity in the extraction of domain knowledge, where AI systems
develop graph representations with nodes that denote code enti-
ties and directed edges that define various relationships among
program components [14][15]. These knowledge graphs em-
power AI to model complex inter-function dependencies and
cross-file relationships, which are vital for a comprehensive
understanding of program behavior [12].

AI systems can derive extensive semantic insights by inte-
grating various analytical methodologies. Through static pro-
gram analysis, these systems can identify essential elements,
such as method overriding relationships, method calls, inter-
face implementations, and type usage patterns [18]. Addition-
ally, more sophisticated systems employ semantic dependency
analysis to create semantic networks from imported libraries
and public application programming interfaces (APIs). This
process aids in the disambiguation of identifier senses, similar
to the disambiguation of word senses in natural language
processing [11].

The integration of ontological representations establishes a
formal framework for modeling software system architecture
and semantics, thereby enhancing the clarity and precision of
the depiction of system relationships. This approach also facil-
itates dependency tracking, which is crucial for maintenance
and refactoring tasks [17]. These capabilities extend across var-
ious applications, including vulnerability prediction, semantic-
based code search, code summarization, classification, clone
detection, and semantic error identification [13][16].

D. Semantic Analysis

In contemporary AI, advanced neural architectures conduct
in-depth semantic analysis of source code beyond basic syn-
tactic parsing. Transformer models, such as CodeBERT and
CodeT5, have emerged as tools for semantic understanding, us-
ing self-supervised objectives to capture semantic and syntactic
details [22][25]. These models interpret both programming and
natural language contexts, while operating on raw source codes
[22].

Attention mechanisms are a key technique in semantic
analysis, enabling models to focus on relevant code segments
during the output generation [29]. These mechanisms help AI
systems better comprehend the code context in tasks such as
variable naming and code summarization. Advanced methods
use contrastive learning, comparing positive and negative code
samples to improve representation learning and understanding
of the target variables [29][23].

AI systems utilize multimodal analysis engines capable of
concurrently processing various types of software artifacts,
thereby discerning the semantic relationships among code
implementations, requirement specifications, test cases, and
documentation [21]. This holistic analysis approach considers
the entire context of software development activities rather than
examining the code in isolation.

Program analysis methods, such as abstract syntax trees
(ASTs), control flow graphs (CFGs), and static analysis, help
AI systems identify code patterns and suggest improvements
[26]. Large language models (LLMs) have been effective in
software engineering tasks, including code generation, summa-
rization, clone detection, and automated repair, demonstrating
their ability to understand code structure and semantics [28]
[24] [27].

E. Planned Contributions and Paper Structure

This study presents three principal contributions: 1) the
development of an end-to-end LLM pipeline for reconstructing
domain layers from legacy artifacts, which automates the gen-
eration of entities/DTOs and the organization of subdomains;
2) the establishment of a semantic classification framework
that employs function analysis and schema-driven prompts to
ensure precise class placement; and 3) the initiation of an
empirical evaluation framework with benchmarks for assessing
fidelity, modularity, and scalability within enterprise contexts.

Section I introduces the research problem, outlines the
motivation for automating domain reconstruction in legacy
systems, and highlights the value of LLM-assisted refactoring.
Section II reviews the related work on AI-driven refactor-
ing and Domain-Driven Design extraction. Section III details
the methodology, covering the artifact extraction, large lan-
guage model prompting, and validation processes. Section IV
presents a case study of a legacy monolithic system. Section V
reports the evaluation results and analysis. Section VI discusses
the findings. Section VII presents the limitations and future
research directions, and Section VIII concludes the study.

II. RELATED WORK

Cao et al. enhanced early neural methodologies by tran-
sitioning from basic networks for concept assignment to the
application of LSTMs and Siamese RNNs for entity normal-
ization and the development of knowledge graphs from codes
[30]. Kabore et al. and Zhang et al. further refined AST-
based approaches, such as ASTNN, by segmenting large trees
into statement sequences [31][32], which were subsequently
encoded using B-RNNs.

Keller et al. integrated multimodal representations, includ-
ing lexical tokens, abstract syntax trees (ASTs), program trees
and code visuals. They demonstrated the application of WySi-
WiM in utilizing code screenshots for image classification,
achieving a performance comparable to syntax-based methods
[31][34].

Zhang et al. (2024), Sachdev et al. (2018), and Ling et
al. (2020) advanced the field of code search by transitioning
from TF-IDF to the utilization of graph neural networks and
attention mechanisms [33][35][37]. Furthermore, Rahman et
al. (2023) and Ling et al. (2020) facilitated pattern transfer
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Fig. 1. Reconstruction pipeline.

in AdaCS by implementing domain embeddings and syntax
matching [36][37].

Chowdhury et al. (2025), Chimalakonda et al. (2023),
Chaieb et al. (2024), and Al-Debagy (2021) have integrated
Abstract Syntax Trees (ASTs), Control Flow Graphs (CFGs),
and Data Flow Graphs (DFGs) to capture behavior, thereby
extending code2vec embeddings for the extraction of microser-
vices from monolithic architectures [38][44][42][43]. This
study directly informs the reconstruction of domain layers
from legacy artifacts using large language models (LLMs).
These studies underscore the semantic gaps that our LLM
schema pipeline addresses in the generation of entities and
Data Transfer Objects (DTOs).

A growing body of research explores how AI, and more
recently, LLM-based techniques can automate refactoring and
testing within software development cycles. Boukhlif et al.
showed that intelligent testing approaches can reduce manual
validation efforts in safety-critical medical systems [39], while
El Boukhari et al. demonstrated AI-assisted refactoring for
CQRS-based architectures and healthcare systems using NLP
and design patterns to guide structural improvements and
enhance testability [41][40]. These contributions support the
feasibility of automating substantial portions of refactoring and
testing, motivating the use of LLMs as a more semantically ca-
pable foundation for domain-driven reconstruction, as pursued
in this study.

III. METHODOLOGY

The methodology delineates a systematic LLM-driven
refactoring pipeline for legacy codebases, as shown in Fig. 1.
This process transforms monolithic structures or incomplete
domains into semantically coherent, lightweight domain layers.

A. LLM Choice

An advanced large language model serves as the primary
reasoning engine, which is chosen for processing structured
JSON, deducing domain concepts, and performing semantic
transformations on software models. The model is applied
throughout the pipeline, ensuring that the analysis, restructur-
ing, and explanation are based on a cohesive semantic un-
derstanding. A comparative study of state-of-the-art language
models is needed to evaluate their performance on code and
architecture tasks to identify the most suitable model.

B. Reconstruction Pipeline

The methodology is delineated into four principal stages
that outline the utilization of the LLM in reconstructing the
domain layer as follows:

1) Code structure extraction: The initial step involves
analyzing a JSON representation of the structure of the
legacy codebase, with the assumption that method names con-
vey meaningful semantic information (e.g., “calculateUserDis-
count” suggests discount-related logic). This JSON encap-
sulates hierarchical components, including classes, methods,
parameters, dependencies, and call graphs, within a standard-
ized schema: {“classes”: [{“name”: str, “methods”: [{“name”:
str, “params”: list, “body summary”: str, “dependencies”:
list}]}]}}. Parsing tools such as tree-sitter or AST analyzers
are employed to extract this information without modifying
the source code, thereby facilitating the subsequent semantic
analysis.

2) Granular decomposition: The extracted structure was
decomposed into the smallest viable functions, adhering to
the single-responsibility principle. Each method is recursively
divided by identifying cohesive blocks, such as loops and
conditionals, through the semantic clustering of method names
and body summaries. Fragments are renamed to preserve
context, for example, “processDiscount” is divided into “vali-
dateEligibleDiscount” and “computeDiscountRate”. Atomicity
is ensured by limiting functions to a single semantic intent,
which is verified through validation prompts such as “Is this
function doing one thing only?” The output is a refined JSON
that contains nested microfunctions.

3) LLM-driven domain layer proposal: By utilizing the
decomposed JSON, a large language model (LLM) proposes an
innovative domain layer structure that is semantically aligned
with the intended purpose of the codebase. An LLM identifies
domain concepts and adheres to the principles of domain-
driven design (DDD).

4) Semantic ordering and validation: The proposed struc-
ture was enhanced using LLM-ordered topological sorting. The
prompt validation process involves iterating through simulated
refactoring paths, verifying semantic preservation, such as
the cosine similarity of name embeddings before and after
refactoring, and refining the process using few-shot exam-
ples from refactoring datasets. The final output is an exe-
cutable JSON/YAML scaffold prepared for code generation
and maintaining traceability to the original legacy elements.
This pipeline improves automation in empirical refactoring
studies, thereby reducing the cognitive load on engineers.

IV. CASE STUDY

The case study examined a legacy water management
system, as presented in Fig. 2, wherein the domain model was
restructured into a JSON representation of the DomainLayer.
This JSON format encapsulates the domain concepts in Fig. 3,
including clients, water meters, and consumption records, as
well as services, value objects, aggregates, and events, while
highlighting design and layering issues. The WaterModule
delineates the primary domain entities: a client characterized
by identification and categorization attributes with a one-to-
many relationship with the WaterMeter; a WaterMeter as-
sociated with location and linked consumption data; and a
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Fig. 2. Water meter system domain.

ConsumptionRecord that details metered usage over billing
periods. The representation also enumerates domain services
(e.g., BillingService and MeterManagement), value objects
(e.g., Period and Money), aggregates rooted in Client, and
domain events such as HighConsumptionDetected, offering a
structural overview of the system.

The JSON format encodes layering violations and mis-
placed responsibilities through wrongMethods annotations
across entities, services, value objects, aggregates, and events.
The Client entity contains invoicing and notification func-
tionalities (CalculateInvoice, SendEmailNotification) that are
better suited for billing or infrastructure layers, whereas
the WaterMeter entity includes export functionality (Export-
ToCSV) that is specific to application concerns rather than
domain logic. Value objects such as Period and Money con-
tain inappropriate persistence methods, and aggregates and
events include messaging behaviors. A mixed layer, Incon-
sistentStuff MixedLayer, documents naming and language in-
consistencies, whereas WrongModule TotallyUnrelated shows
an e-commerce module erroneously integrated with the water
domain. This imperfect model serves as an input for the LLM-
based approach to identify and realign responsibilities for an
improved domain layer architecture.

V. RESULTS

GPT-5.2 was identified as the primary large language
model based on the comparative analysis presented in Ta-
ble I. Among the models evaluated [45][46][47], GPT-5.2
exhibited superior performance on code-centric benchmarks,
such as SWE-bench and LiveCodeBench, and excelled in
repository-scale reasoning, semantic refactoring and domain-
oriented architecture synthesis. These capabilities are directly
aligned with the requirements of the proposed method. Al-
though alternative models, including Claude 4.5 Sonnet and
Kimi-Dev-72B, were retained as secondary references to con-
textualize the results, the detailed case study focused on
GPT-5.2 to ensure a comprehensive and consistent evaluation.

Fig. 3. Initial domain structure.

The LLM initially performs a thorough semantic analysis
of the existing JSON domain model, identifying misplaced
methods, incorrect or unrelated modules, inconsistent naming
conventions, mixed layers, and anti-patterns, such as Data
Transfer Objects (DTOs) within the domain, entities containing
service logic, value objects exhibiting persistence behavior,
incoherent aggregates, and behavioral events. Subsequently,
the model is transformed into a Domain-Driven Design
(DDD)-aligned Domain Layer by reorganizing the content into
canonical building blocks, including entities, value objects,
aggregates, domain services, domain events, and repositories.
This process involves relocating misplaced methods to the
appropriate layers, standardizing naming conventions, and iso-
lating unrelated modules as out-of-scope while maintaining
traceability.

The LLM implements a series of targeted corrections
that can be categorized into nine distinct areas. Initially, it
removes misplaced methods from entities, value objects,
aggregates, events, and DTOs (e.g., notifications, exports,
persistence, webhooks), relocating authentic domain logic into
domain services, and documenting technical concerns as out-
of-scope infrastructure hints. Subsequently, it isolates wrong
or unrelated modules, notably extracting the e-commerce
module into a separate “UnrelatedModules” section with a
clear rationale. Naming conventions are standardized by align-
ing identifiers, field names, value-object attributes, categories,
and types to consistent English, PascalCase, and coherent ID
conventions. To address mixed layers, infrastructure responsi-
bilities (email, SMS, webhooks, CSV/PDF, persistence) are re-
moved from the domain, with repository interfaces introduced
to replace the entity-level data access methods. DTOs are
relocated to a dedicated DTO section and stripped of domain
logic, while entities are cleaned of calculation, notification,
and retrieval behavior, which is centralized into dedicated
domain services such as billing and meter management. Value
objects are restored to immutability and behavioral purity by
eliminating persistence-related operations. Aggregates are clar-
ified so that a Client aggregate coherently contains WaterMeter,
ConsumptionRecord, and Invoice, a WaterMeter aggregate
encapsulates ConsumptionRecord, and all aggregate behaviors
are removed. Finally, domain events are restricted to payload
and description only, with behavioral aspects (e.g., webhooks)
relocated to the appropriate application or integration layers.
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Fig. 4. Refactored domain tree view.

The two figures present the LLM-driven reconstruction
of the domain layer. Fig. 4 shows a refactored JSON tree
view of the DomainLayer, with a cleaned bounded context
and separated core domain elements (entities, value objects,
aggregates, services, events, and repositories). Fig. 5 shows
the domain architecture as a conceptual diagram, depicting the
WaterConsumptionManagement bounded context with its main
entities (Client, WaterMeter, ConsumptionRecord, Invoice),
aggregates, value objects, and domain services, illustrating the
final DDD-aligned structure.

The reconstructed model effectively illustrates the capa-
bility of large language models (LLMs) to rapidly identify
key domain components with minimal guidance from humans.
From the unstructured JSON data, the model consistently
identified the central entities—Client, WaterMeter, Consump-
tionRecord, and Invoice—along with their associated value
objects, such as Period, Money, and GeoPoint. Furthermore,
it recognized primary behavioral anchors, including billing
and meter management services, even when these concepts
were dispersed across various layers and inconsistent naming
conventions. This automatic detection and clustering of core
domain elements provide a robust foundation for architects,
enabling them to refine aggregates and responsibilities rather
than manually rediscovering the fundamental structure of a
domain.

In a single execution, the LLM adeptly generated both the
refined domain model and a list of necessary corrections. In
contrast, the manual process of refactoring a domain layer of
equivalent complexity generally requires a considerably greater
investment of time from architects and domain experts.

VI. DISCUSSION

The selection of GPT-5.2 as the primary model influenced
the validity and generalizability of this study. Models in the
GPT-5 class achieve state-of-the-art results on code bench-
marks, such as SWE-bench and LiveCodeBench [45][46][47],
which assess repository-scale reasoning and multi-file modifi-
cation. These capabilities align with the requirements of this
study, where the LLM must reason over JSON representations
and identify architectural issues to reconstruct domain models.
Utilizing this tool allows for the observation of the maximum

Fig. 5. Water meter system: new refactored domain.

potential of current LLM technology for domain-driven refac-
toring. Claude 4.5 Sonnet and Kimi-Dev-72B provide context
within the broader model landscape, although the absence of
a full parallel analysis limits cross-model conclusions. Future
research should test multiple LLMs to evaluate how the choice
of model affects the reconstruction quality.

The LLM exhibits two-phase behavior, aligned with the
evidence of LLM-based refactoring capabilities [48][49]. Ini-
tially, it performs semantic analysis of the JSON domain
model, detecting misplaced methods, unrelated modules, in-
consistent naming, mixed layers, and anti-patterns, includ-
ing embedded DTOs, entities with service logic, and events
containing behavior. Studies have confirmed that LLMs can
identify code smells and refactoring needs across code bases,
particularly for recurring patterns. In the second phase, the
LLM reorganizes the model into a DDD-aligned Domain Layer
by mapping elements to canonical building blocks, relocating
methods, normalizing names, and isolating unrelated mod-
ules while maintaining traceability. This aligns with research
showing that LLMs effectively enforce architectural rules and
layered separations when explicitly prompted.

The findings suggest that the LLM can execute a substan-
tial, semantically coherent restructuring of the domain model
in a significantly reduced timeframe compared to that typically
required by human architects. Empirical research on LLM-
based refactoring and automated tools demonstrates that these
systems are particularly adept at addressing systematic, repet-
itive issues and can produce extensive refactoring suggestions
at a much faster rate than developers [48], who may require
several hours or days to implement comparable changes in
nontrivial systems.

The reconstructed model effectively illustrates the capa-
bility of large language models to rapidly surface key do-
main components with limited human supervision. From the
unstructured and inconsistent JSON, the LLM consistently
recovered the central entities (Client, WaterMeter, Consump-
tionRecord, Invoice), their associated value objects (Period,
Money, GeoPoint), and the main behavioral anchors related
to billing and meter management, despite these concepts
being scattered across layers and expressed with heterogeneous
naming conventions. This aligns with recent empirical work
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TABLE I. COMPARISON OF LLMS FOR LEGACY CODE REFACTORING AND DOMAIN MODELING

Aspect GPT-5.2 (OpenAI) Claude 4.5 Sonnet (Anthropic) Kimi-Dev-72B (Open-source)
Code benchmarks (e.g., SWE-
bench, LiveCodeBench)

Among the top scores on SWE-bench and
LiveCodeBench, repository-scale reasoning
and transformation were very strong.

Competitive on coding and reasoning;
slightly below frontier models on the hardest
coding tasks.

Best open-source scores on SWE-bench Ver-
ified (around 60%); below frontier closed
models but strong for OSS.1

Large-repository understanding 128k–200k+ context window; robust han-
dling of mixed code and documentation for
architecture tasks.

Very strong long-context reasoning (up to ap-
proximately 200k tokens); effective for nar-
rative architecture analysis.

They have good context and stability but
are more limited; large codebases typically
require chunking strategies.

Refactoring and decomposition It excels at stepwise refactoring, function ex-
traction, and semantic renaming using chain-
of-thought prompting.

Strong in explaining and refactoring code
but slightly less aggressive by default on
structural transformations.

Good at classic refactorings; more difficulty
with deep semantic decomposition without
careful prompting.

Domain and architecture modeling It is very good at proposing DDD-like ag-
gregates, domain layers, and JSON/YAML
blueprints from the code structure.

Excellent at high-level conceptual modeling
and textual rationale and strong for architec-
ture narratives and trade-offs.

It can infer domains, but abstractions are less
consistent and require more prompt engineer-
ing.

Tooling and ecosystem Mature APIs and assistants for coding, IDE
integration, CI, and code-review workflows.

Solid integration of conversational and
analysis-centric workflows, including docu-
mentation and reviews.

Full local control and good OSS tooling inte-
gration, but higher DevOps and infrastructure
overheads.

Openness and reproducibility Closed weights: experiments reproducible via
documented prompts and configs, but not
locally hostable.

Closed model with reproducibility constraints
similar to those of other proprietary systems.

Open weights; well-suited for fully repro-
ducible, self-hosted experimental pipelines in
research.

[51][50][5][48], which shows that LLMs can reliably extract
domain concepts and modular structures from existing code
and documentation, often matching or approaching human
performance in tasks such as entity discovery, feature local-
ization, and architectural view reconstruction, while requiring
significantly less time. In practice, this automatic detection
and clustering of core domain elements provides a strong
starting point for architects, who can concentrate on refining
aggregates, invariants, and responsibility boundaries instead
of manually rediscovering the fundamental structure of the
domain—a role for LLMs that is also emphasized in studies
on AI-augmented software architecture and DDD refactoring
in industrial contexts.

Although this study does not explicitly quantify cost or
time, the capability of the LLM to generate a coherent do-
main reconstruction in a single iteration implies that it can
potentially supplant numerous hours of detailed refactoring
work typically undertaken by multiple developers. In prac-
tical applications, developers’ efforts can be predominantly
concentrated on validating and refining the LLM’s proposal
rather than executing the restructuring itself [51][48][52]. This
shift in focus reduces the manual workload and, indirectly,
the staffing and time costs that are generally associated with
large-scale refactoring projects.

VII. LIMITATIONS AND FUTURE DIRECTIONS

A. Limitations

Despite promising outcomes, several challenges persist in
the utilization of LLMs for domain-layer reconstruction. The
model’s decision-making process remains partially opaque:
while it identifies recurring anti-patterns (e.g., misplaced meth-
ods), its rationale for nuanced design decisions, such as
determining aggregate boundaries or allocating responsibilities
between services, can be difficult to audit. The performance of
LLMs is sensitive to prompt design and input representation;
changes in the JSON structure or constraint phrasing may
yield different reconstructions, raising concerns about stabil-
ity compared to traditional refactoring approaches. Current
models struggle with implicit domain knowledge and non-
obvious invariants that are not explicitly encoded in the inputs,

potentially oversimplifying business rules, as noted in studies
of AI-augmented software architecture and DDD refactoring.

B. Future Direction

AI-driven refactoring is evolving towards more autonomous
and intelligent systems that function as collaborative partners
rather than suggestion tools.

Agentic coding tools represent a significant advancement in
the role of artificial intelligence in refactoring processes, acting
as collaborators that autonomously plan, execute, test, and
refine complex development tasks with minimal supervision.
Despite this potential, current agentic refactoring is largely
limited to low-level, consistency-driven modifications, such
as renaming and type adjustments, with agents performing
fewer high-level design transformations than human efforts.
To realize the potential of agents as “software architects”,
substantial progress is required to enable autonomous architec-
turally aware restructuring that addresses higher-level design
challenges.

Future advancements are anticipated to focus on develop-
ing advanced AI-driven tools that effectively assist in both
development and maintenance processes. These tools include
automated debugging assistants, refactoring advisors, code
summarizers, and documentation generators. The design of
these tools must consider complex factors, such as historical
usage patterns, module dependencies, backward compatibility
requirements, and runtime constraints. Therefore, it is crucial
for these tools to integrate seamlessly with developer work-
flows, including version control systems, CI/CD pipelines and
issue trackers.

The field is advancing towards the development of more
sophisticated automated refactoring tools capable of proposing
specific refactoring strategies. These tools may, for instance,
suggest the division of large modules into smaller, inter-
connected units with enhanced cohesion, with AI systems
potentially executing these recommendations autonomously
(Khanzadeh et al., 2023). Future developments are expected
to include the advent of domain-specific AI models, increased
transparency of AI-driven solutions, and collaborative tools
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designed to integrate refined and updated development method-
ologies.

VIII. CONCLUSION

This study illustrates the effective application of advanced
large language models (LLMs) in automating the semantic
reconstruction of domain models from legacy software arti-
facts. Through the implementation of a structured LLM-driven
pipeline, this approach adeptly identifies and reorganizes key
domain elements, rectifies architectural inconsistencies, and
aligns legacy codebases with Domain-Driven Design princi-
ples. This automation substantially diminishes the manual ef-
fort traditionally associated with domain extraction and refac-
toring, facilitating a more rapid, consistent, and semantically
coherent modernization of legacy systems. A case study on a
sample water management system demonstrates the method’s
capability to detect misplaced responsibilities, standardize
naming conventions, and isolate unrelated modules while
maintaining traceability. Future advancements in AI-driven
refactoring hold the promise of increasingly autonomous and
intelligent tools that will further transform software refactoring
into an adaptive, explainable, and efficient process, fostering
collaboration between human architects and AI agents.
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