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Abstract
Decomposing monolithic systems into microservices is a key activ-
ity in software modernization. Although Large Language Models
(LLMs) can generate semantically plausible decompositions from
textual requirements, it remains unclear whether these proposals
preserve the structural dependencies implemented in the source
code. This paper evaluates the structural adherence of microservice
decompositions generated by OpenAI o3 for the PetClinic and Book-
store systems. We propose an automated validation pipeline based
on static dependency analysis and compare zero-shot and few-shot
prompting using dependency preservation (TPD) and dependency
violation (TVD) metrics. A robustness analysis was conducted to
control for differences in class-to-service mapping coverage. Af-
ter normalization, both prompting strategies produced equivalent
structural adherence, achieving TPD values of 68.0% (PetClinic) and
83.3% (Bookstore). The findings demonstrate that structural evalua-
tions of LLM-generated decompositions should explicitly control
for mapping coverage, as apparent differences between prompting
strategies may otherwise reflect methodological bias rather than
genuine architectural quality.
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1 Introduction
Modernizing legacy monolithic systems to microservice architec-
tures depends on identifying boundaries that preserve high co-
hesion and low coupling—grouping related functionalities while
avoiding the separation of components with strong structural de-
pendencies. Without this care, migration can produce a distributed
architecture more complex and fragile than the original monolith.

In recent years, Large Language Models (LLMs) have played an
increasing role in Software Engineering activities, including code

generation, documentation, refactoring, and architectural design
support. Several studies have investigated using these models to
generate microservice decompositions directly from textual require-
ments, obtaining promising results in service identification, with
𝐹1-score values close to 0.97 [1, 2]. These results suggest that LLMs
can understand domain semantics and propose conceptually co-
herent architectures, making them natural candidates to support
software modernization.

However, when used solely with textual requirement descrip-
tions, these approaches lack access to the structure actually imple-
mented in the source code. As a consequence, a semantically plau-
sible decomposition may separate components that exhibit strong
structural coupling, creating inter-service dependencies that will
require additional communication, refactoring, or integration mech-
anisms during migration. In other words, semantic quality does not
necessarily imply structural feasibility. This distinction becomes
critical when proposed architectures support real modernization
decisions, where technical constraints and existing dependencies
play a fundamental role.

Recent approaches incorporate structural information into the
decomposition process [3, 4], but focus on generating decompo-
sitions from code. A complementary problem remains: how to
structurally validate architectures already produced by LLMs from
textual requirements.

From the perspective of Intelligent Software Engineering, this
gap shifts the focus from merely generating architectures to val-
idating architectural decisions produced by AI systems. Existing
LLM-based approaches can suggest semantically plausible decom-
positions, but there is limited evidence on whether these decom-
positions respect the monolith’s existing dependency structure.
Therefore, instead of assuming that a conceptually coherent archi-
tecture is structurally feasible, it becomes necessary to confront
AI-produced recommendations with objective evidence extracted
from the source code. This validation step increases transparency,
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helps architects understand the structural implications of gener-
ated decompositions, and contributes to making the use of LLMs
in modernization tasks more auditable and reproducible.

In this context, this study proposes an automated and repro-
ducible structural validation pipeline for LLM-generated microser-
vice decompositions. The approach was applied to decompositions
produced by OpenAI o3 for the PetClinic and Bookstore monolithic
systems, using zero-shot and few-shot strategies. In addition to
comparing strategies, a robustness analysis was conducted to con-
trol for differences in class-to-service mapping coverage, revealing
that mapping coverage may bias structural comparisons between
prompting strategies if left uncontrolled.

This study makes three contributions: (i) it identifies and miti-
gates a methodological bias caused by differences in class-to-service
mapping coverage; (ii) it proposes an automated pipeline for struc-
turally validating LLM-generated microservice decompositions us-
ing static analysis; and (iii) it introduces an experimental protocol
based on TVD and TPD metrics to quantify structural adherence
between generated decompositions and the original source code.

The remainder of this paper is organized as follows. Section 3
presents the study methodology, including the experimental de-
sign, the analyzed systems, the proposed pipeline, and the metrics
used. Section 4 presents the experimental results and the robustness
analysis. Section 5 discusses the main findings in light of the litera-
ture. Section 6 presents the implications for research and industry.
Section 7 discusses threats to validity, and Section 8 concludes the
work and presents directions for future research.

2 Background and Research Gap
Decomposing monoliths into microservices is a central challenge
in the modernization of legacy systems. Classic works such as New-
man [6] and Fowler [7] emphasize the importance of well-defined
boundaries, low coupling, and high cohesion. However, identifying
such boundaries requires understanding both domain responsibil-
ities and the structural dependencies existing in the source code.
Recent reviews, such as that of Abgaz et al. [10], show that the area
still lacks public datasets, unified metrics, and comparable protocols
to evaluate monolith decompositions.

LLMs can generate microservice architectures from textual re-
quirements with high conceptual accuracy [1, 2, 5]. Recent work
also characterizes structural properties of these architectures, not-
ing that few-shot prompting tends to produce more fine-grained de-
compositions. However, these studies evaluate semantic coherence
without systematically verifying whether the proposed boundaries
preserve real source-code dependencies.

Another line of research incorporates structural information
directly into the decomposition process [3, 4, 13, 18], reinforcing
the importance of combining semantic and structural signals. How-
ever, these works focus on generating decompositions from code,
whereas we investigate how to structurally validate decompositions
already produced by LLMs from textual requirements.

The present study positions itself in this gap by proposing a
structural validation pipeline attachable to any LLM-based archi-
tectural synthesis process. Instead of modifying the model or the
prompt, the approach confronts the generated decompositions with
a dependency graph extracted from the monolith, quantifying de-
pendency violations and preservations through the TVD and TPD
metrics.

3 Study Settings
Figure 1 summarizes the research methodology adopted in this
study. The process is organized into four stages: (i) experimental
design, (ii) definition of the experimental objects, (iii) execution of
the structural validation pipeline, and (iv) evaluation of the gen-
erated decompositions through structural metrics and robustness
analysis.

Stage 1: ExperimentalDesign.We investigatewhether prompt-
ing strategy influences structural adherence, using the same sys-
tems (PetClinic, Bookstore), LLM (OpenAI o3), and metrics (TVD,
TPD) — differing only in prompting (zero-shot vs. few-shot).

The study is guided by the following research questions (RQs):
RQ1. What is the structural adherence of LLM-generated mi-

croservice decompositions with respect to the actual source-
code dependencies?

RQ2. How do zero-shot and few-shot prompting affect the
structural adherence of the generated decompositions?

RQ1 establishes a baseline by quantifying the structural adher-
ence of LLM-generated decompositions with respect to the original
source-code dependencies. This is important because semantically
plausible decompositions may still conflict with the structural orga-
nization of the implemented system. RQ2 investigates whether the
adopted prompting strategy (zero-shot or few-shot) influences this
structural adherence. Understanding this effect is important for de-
termining whether improvements reported for prompting strategies
also translate into structurally more consistent decompositions.

Stage 2: Experimental Objects. The evaluation considers two
open-source Java monolithic systems selected because they differ
in size and architectural complexity, allowing the proposed pipeline
to be assessed on both a small benchmark and a larger application.

• PetClinic: 25 domain classes, widely used as a benchmark for
monolith decomposition research.

• Bookstore: 93 domain classes, representing a larger e-commerce
application with multiple business domains and authentica-
tion mechanisms.

The decompositions were generated by OpenAI o3 under zero-
shot and few-shot strategies [1, 2, 5]. Dependency graphs were
extracted with Tree-sitter and the Java grammar; the validation
pipeline was implemented in Python (Tree-sitter, NetworkX, Pan-
das).

Stage 3: Structural Analysis. The proposed pipeline automat-
ically validates LLM-generated microservice decompositions by
comparing their service boundaries against structural dependen-
cies extracted from the original monolith. The process comprises
four sequential steps:

(1) Static extraction. The source code is parsed with Tree-sitter
and the Java grammar to construct the dependency graph
𝐺real , capturing inheritance, field and constructor injections,
repository usage, and JPA annotations. The extraction is fully
automated; a manual audit was performed on a small number
of framework-mediated relationships to correct extraction
errors.

(2) Class-to-service mapping. Each class is assigned to one of the
proposed microservices using a heuristic based on package
and class names, followed by manual refinement when no
clear correspondence exists. The final mapping is stored as a
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Figure 1: Overview of the proposed research methodology.

CSV file listing every domain class and its assigned service,
making the process auditable and reproducible.

(3) Violation detection. The dependency graph is analyzed to
identify edges crossing service boundaries, corresponding
to structural violations introduced by the proposed decom-
position.

(4) Metric computation. The detected violations are used to com-
pute TVD, TPD, and decomposition granularity, providing a
quantitative assessment of structural adherence.

The proposed pipeline produces a complete set of artifacts that
make the structural validation process auditable and reproducible.
These include dependency graphs (GraphML), class-to-service map-
pings (CSV), structured violation reports, and the computed TVD
and TPD metrics. Together, these artifacts allow every reported
result to be traced back to the corresponding source-code depen-
dencies, facilitating independent verification and reproduction of
the experiments.

The pipeline also highlighted two methodological aspects rel-
evant to reproducibility. First, class-to-service mapping coverage
directly influences the computed metrics and must therefore be con-
trolled when comparing decompositions. Second, although depen-
dency extraction is largely automated, manual auditing remained
necessary for a small number of framework-mediated relationships
(e.g., Vet → Specialty), reducing potential extraction errors.

Stage 4: Evaluation. The generated decompositions are evalu-
ated using three complementary metrics that quantify their struc-
tural adherence to the original monolith.

• TVD (Total Violated Dependencies): proportion of extracted
dependencies that cross proposed service boundaries. Higher
values indicate greater structural divergence from the origi-
nal monolith.

• TPD (Total Preserved Dependencies): complement of TVD
(𝑇𝑃𝐷 = 1 −𝑇𝑉𝐷). It represents the proportion of extracted
dependencies preserved within the same proposed microser-
vice.

• Granularity: total number of proposed microservices, re-
ported as a descriptive characteristic of the generated de-
compositions rather than as a structural adherence metric.

Formally, let 𝐸 denote the set of extracted dependencies and 𝑠 (𝑐)
the function that assigns class 𝑐 to a microservice. A dependency
(𝑐𝑖 , 𝑐 𝑗 ) ∈ 𝐸 is considered preserved if 𝑠 (𝑐𝑖 ) = 𝑠 (𝑐 𝑗 ); otherwise, it is
classified as a structural violation. Thus,

𝑇𝑉𝐷 =
|{(𝑐𝑖 , 𝑐 𝑗 ) ∈ 𝐸 | 𝑠 (𝑐𝑖 ) ≠ 𝑠 (𝑐 𝑗 )}|

|𝐸 | 𝑇𝑃𝐷 = 1 −𝑇𝑉𝐷

TVD and TPD quantify structural adherence rather than overall
architectural quality. A dependency crossing a service boundary is
not necessarily undesirable, as it may result from legitimate archi-
tectural decisions such as refactoring, API-based communication,
or domain-driven redesign. Therefore, these metrics should be in-
terpreted as indicators of the potential structural adaptation effort
required by a proposed decomposition, complementing semantic
evaluations of service boundaries.

Automation andmanual effort.The dependency extraction (Step 1)
and the metric computation (Step 4) are fully automated. The initial
class-to-service mapping (Step 2) is performed automatically by a
heuristic script, but manual verification and correction are required
for a subset of classes whose assignment is ambiguous. Violation
detection (Step 3) is automated once the mapping is finalized. No
AI agents were employed during the structural validation itself;
the LLM was used exclusively to generate the candidate decom-
positions in a prior stage, while the validation pipeline relies on
deterministic static analysis and human-curated mappings.

4 Results
This section presents the results obtained from applying the pipeline
to the PetClinic and Bookstore systems. Initially, the structural ad-
herence of the model-generated decompositions is analyzed (RQ1).
Next, the impact of the prompting strategy is investigated (RQ2),
including a robustness analysis aimed at controlling coverage dif-
ferences between the produced mappings.
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4.1 Structural Adherence of Generated
Decompositions (RQ1)

Table 1 presents the preliminary structural adherence results, com-
puted before normalizing the class-to-service mapping coverage.

Table 1: Raw results – PetClinic and Bookstore with OpenAI
o3.

Metric PetClinic Bookstore

Zero-shot Few-shot Zero-shot Few-shot

Analyzed edges 40 40 203 230
Structural violations 9 8 34 52
TVD (Violation) 22.5% 20.0% 16.8% 22.6%
TPD (Preservation) 77.5% 80.0% 83.2% 77.4%
Granularity (# serv.) 8 8 6 7

The raw results show distinct behaviors between the two sys-
tems. In PetClinic, the difference between strategies was small:
few-shot produced one fewer structural violation than zero-shot
(TVD of 20.0% versus 22.5%). In Bookstore, however, zero-shot ap-
peared to outperform few-shot, exhibiting 34 structural violations
compared with 52. Because all experimental factors other than the
prompting strategy were kept constant, these differences suggested
the presence of an additional source of variation. This observation
motivated a detailed inspection of the class-to-service mappings
generated by each strategy.

Inspection of themappings revealed that the observed differences
did not stem from the structural organization of the decomposi-
tions, but from the class-to-service mapping coverage available for
auditing. Because some monolith classes had not been assigned
to a microservice in certain previously published decompositions,
the metrics were initially computed over different sets of source-
code dependencies. Under these conditions, the direct comparison
between strategies introduces a methodological bias, as each is
evaluated over a distinct universe of structural dependencies.

In Bookstore, zero-shot did not map the 13 classes responsible
for JWT-based authentication, whereas few-shot grouped them
into a dedicated authentication service. Since this subsystem con-
centrates several structural dependencies, excluding these classes
removed 18 potential violations from the zero-shot evaluation, cre-
ating an apparent advantage that was unrelated to the prompting
strategy itself. A similar phenomenon occurred in PetClinic, where
the class PetClinicApplication was mapped only by zero-shot,
introducing one exclusive structural violation.

To eliminate this bias, the metrics were recomputed considering
only the intersection of the classes mapped by both strategies, en-
suring that the comparison was performed over exactly the same set
of source-code dependencies. The normalized results are presented
in Table 2.

After normalization, the results became identical in both systems.
In PetClinic, both strategies achieved a TVD of 32.0% and a TPD
of 68.0%. In Bookstore, both obtained a TVD of 16.7% and a TPD
of 83.3%. These findings indicate that the differences observed in
the preliminary analysis were entirely explained by differences in
mapping coverage. Once this source of bias was removed, zero-
shot and few-shot exhibited equivalent structural adherence in
both evaluated systems. More broadly, this result demonstrates that

Table 2: Results normalized by the intersection of class-to-
service mappings.

Metric PetClinic Bookstore

Zero-shot Few-shot Zero-shot Few-shot

Classes in intersection 15 15 68 68
Analyzed edges 25 25 203 203
Structural violations 8 8 34 34
TVD 32.0% 32.0% 16.7% 16.7%
TPD 68.0% 68.0% 83.3% 83.3%

comparing structural metrics over different mapping coverages
can lead to misleading conclusions regarding the effectiveness of
prompting strategies.

Answer to RQ1 (Structural Adherence). After normal-
ization, both strategies preserved a substantial but incom-
plete portion of the source code’s dependencies. The preser-
vation of 68.0% of dependencies in PetClinic and 83.3% in
Bookstore indicates that the generated decompositions cap-
tured part of the systems’ structural organization, while
still leaving a non-negligible set of dependencies crossing
the proposed service boundaries.

4.2 Impact of Prompting Strategy on Adherence
(RQ2)

Although the normalized results indicate no quantitative differences
between zero-shot and few-shot prompting, the violation reports
generated by the pipeline provide qualitative insights into the types
of structural inconsistencies introduced by both strategies. The
analysis of structural violations identified by the pipeline revealed
two recurring patterns. The first corresponds to the separation of
entities related by JPA associations into distinct microservices. The
second involves the displacement of controllers to services other
than those containing the repositories used by those classes.

A representative example occurs in PetClinic, where
PetController directly depends on OwnerRepository. In
the analyzed decomposition, these classes were assigned to Client
Service and Pet Service, respectively, causing this dependency
to cross the boundary between microservices. This example
illustrates a recurring structural violation pattern observed
across the analyzed decompositions, rather than a limitation of a
particular prompting strategy.

It is important to highlight that a structural violation does not,
by itself, imply an incorrect architecture. It merely indicates that an
existing dependency in the monolith would cross the proposed ser-
vice boundary, requiring additional communication mechanisms,
refactoring, or architectural reorganization during the migration
process, which can increase coupling and consequently applica-
tion latency. Thus, TVD should be interpreted as an indicator of
potential structural adaptation effort, not as an absolute measure
of architectural quality.

After controlling for the effect of mapping coverage, no differ-
ences were observed between the zero-shot and few-shot strategies
in either of the analyzed systems. Moreover, both strategies exhib-
ited the same categories of structural violations, suggesting that the
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remaining inconsistencies are primarily associated with the limited
structural information available from textual requirements rather
than with the prompting strategy itself.

Answer to RQ2 (Impact of Prompting Strategy). Af-
ter normalization by the intersection of mapped classes,
zero-shot and few-shot produced structurally similar re-
sults in both analyzed systems. The differences observed
in the raw metrics are fully explained by differences in
class-to-service mapping coverage. Under the controlled
conditions of this study, no evidence was found that one
prompting strategy systematically outperforms the other
in terms of structural adherence. However, this finding
should be interpreted within the scope of the two systems
and the single LLM evaluated.

5 Discussion
The results provide two main insights into the structural validation
of LLM-generated microservice decompositions. First, the normal-
ized TPD values (68.0% for PetClinic and 83.3% for Bookstore) in-
dicate that LLMs preserve a substantial portion of the monolith’s
structural organization. However, the remaining dependency vio-
lations show that semantic plausibility alone does not guarantee
structural adherence. These findings are consistent with previous
studies demonstrating that LLMs can identify conceptually coher-
ent services from textual requirements [1, 2, 5], while reinforcing
evidence that structural information is essential for producing tech-
nically feasible decompositions [12].

From an architectural perspective, TVD should be interpreted
as an estimate of the structural adaptation effort required during
migration rather than as an indicator of poor architectural quality.
Dependencies crossing service boundaries identify locations where
architects may need to introduce APIs, refactor responsibilities, or
redesign service boundaries. Consequently, the proposed metrics
complement semantic evaluations by highlighting where migration
effort is likely to concentrate.

Our findings also support hybrid approaches that combine se-
mantic and structural information, such as MonoEmbed [3] and Mi-
croDec [4]. The recurring violation patterns observed in this study,
including the separation of strongly coupled entities and controllers
from their associated repositories, suggest that these inconsistencies
arise because textual requirements do not capture implementation
dependencies. This observation reinforces the argument of Sell-
ami [16] that combining multiple sources of architectural evidence
is essential for structurally consistent decompositions.

A key methodological contribution is demonstrating that con-
trolling for class-to-service mapping coverage eliminates spurious
differences between prompting strategies. After normalization, zero-
shot and few-shot yielded indistinguishable structural adherence,
highlighting the risk of comparing raw metrics over different class
subsets.

More broadly, the results suggest that the observed limitations
are more closely related to the absence of structural information in
the input than to the prompting strategy itself. Under the evaluated
conditions, zero-shot and few-shot converged to equivalent struc-
tural behavior once mapping coverage was controlled. Therefore,
future advances in LLM-assisted architectural synthesis are likely

to depend less on prompt engineering and more on integrating
semantic information from requirements with structural evidence
extracted from source code.

6 Implications
The findings of this study extend beyond the evaluation of two
prompting strategies. They provide methodological guidance for
future empirical studies on LLM-assisted software architecture
and practical insights for practitioners adopting LLMs in software
modernization workflows. The implications span both research
and industrial practice, highlighting how structural validation can
complement semantic assessments and support more reliable archi-
tectural decision-making.

For research, structural adherence metrics such as TVD and
TPD should complement semantic evaluation metrics in LLM-based
architectural synthesis. Our robustness analysis demonstrates that
comparisons between prompting strategies should report class-
to-service mapping coverage and normalize evaluations whenever
coverage differs. The need tomanually correct framework-mediated
dependencies (e.g., Vet → Specialty) indicates opportunities for
hybrid extraction techniques.

For industrial practice, the proposed pipeline can serve as
an automated architectural auditing mechanism. Practitioners can
use the reported structural violations to identify coupling hotspots,
estimate migration effort, and prioritize manual review. Structural
validation can be incorporated into modernization workflows, pro-
viding objective evidence about the consequences of candidate
decompositions.

7 Threats to Validity
The findings should be interpreted considering the limitations in-
herent to the adopted methodology and experimental setting.

External validity. The evaluation considered only two Java
monolithic systems and a single LLM (OpenAI o3). Although the
selected systems differ in size and architectural complexity, the
findings may not generalize to other programming languages, appli-
cation domains, industrial-scale systems, alternative architectural
styles, or newer language models. Replications involving additional
systems and LLMs are therefore needed to assess the broader appli-
cability of the proposed pipeline and the observed methodological
findings.

Internal validity. The structural metrics depend on correctly
mapping source-code classes to the generated microservices. Al-
though automated heuristics andmanual inspectionwere employed,
ambiguous mappings may affect the computed TVD and TPD val-
ues. Furthermore, the evaluated decompositions were obtained
from previously published studies rather than generated within the
present experimental protocol, which may introduce characteristics
specific to those datasets. Differences in mapping coverage can also
bias comparisons between prompting strategies; this threat was
mitigated through the robustness analysis based on the intersection
of mapped classes.

Construct validity. TVD and TPD quantify structural adher-
ence rather than overall architectural quality. Dependencies cross-
ing service boundaries may represent acceptable design decisions
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after refactoring or API-based communication. Moreover, the pro-
posed metrics do not capture other architectural quality attributes,
such as scalability, maintainability, performance, fault isolation, or
domain alignment. Finally, the static analysis does not identify run-
time behaviors such as reflection, dynamic proxies, or framework-
mediated interactions, although manual inspection was used to
reduce extraction errors.

Conclusion validity. The evaluation relied on deterministic
metrics and descriptive comparisons without statistical hypothesis
testing. Consequently, the observed equivalence between zero-shot
and few-shot prompting should be interpreted only for the ana-
lyzed systems and experimental conditions. Replications involving
additional systems, prompting strategies, and LLMs are necessary
to strengthen the generality of the conclusions.

8 Final Remarks
We investigated the structural adherence of LLM-generated mi-
croservice decompositions by proposing an automated validation
pipeline based on static dependency analysis, class-to-service map-
ping, and TVD/TPD metrics. The methodology was applied to de-
compositions generated by OpenAI o3 for PetClinic and Bookstore
under zero-shot and few-shot prompting.

The results showed that the generated decompositions preserved
a substantial portion of the original dependency structure, achiev-
ing TPD values of 68.0% for PetClinic and 83.3% for Bookstore,
while still introducing structural violations requiring architectural
adaptation during migration. More importantly, the apparent supe-
riority observed between prompting strategies disappeared after
controlling for class-to-service mapping coverage. After normal-
ization, zero-shot and few-shot exhibited comparable structural
adherence within the scope of this study, demonstrating that dif-
ferences initially attributed to prompting strategy were actually
caused by methodological bias. Broader replications are needed to
assess the generalizability of this finding.

These findings have implications for both research and practice.
For research, they highlight the importance of complementing se-
mantic evaluations with structural adherence metrics and explicitly
controlling mapping coverage when comparing LLM-based archi-
tectural synthesis approaches. For practice, the proposed pipeline
provides an auditable mechanism for validating AI-generated de-
compositions before migration decisions are made, helping archi-
tects identify structural inconsistencies and estimate adaptation
effort based on objective evidence extracted from the source code.

Future work includes extending the evaluation to additional
benchmark systems, such as MediaStore and TeaStore, and inves-
tigating other LLMs, prompting strategies, and decomposition ap-
proaches. Another promising direction is integrating the proposed
validation pipeline into iterative architecture generation workflows,
allowing structural feedback to guide successive generations toward
more reliable and explainable AI-assisted software modernization.
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