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Abstract

Recent evaluations of software quality have raised concerns that structural metrics fail to capture design intent
adequately. Metrics such as LCOM measure only the physical connectivity between code elements, missing the
semantic notion of cohesion that reflects a developer's actual intent. To address this, we propose a Large Language
Model (LLM)-based semantic cohesion evaluation model built on the ‘LLM-as-a-Judge’ paradigm, reformulating
classical cohesion theory — grounded in Stevens' taxonomy and the Single Responsibility Principle — into five
semantic rubric criteria evaluated through an automated process. This builds on prior findings that top-tier LLMs,
such as Claude Sonnet and GPT-40-mini, correlate strongly with human expert reviewers when interpreting
identifiers, comments, and logic flow, letting them catch design-intent distortions that static analysis misses. We
detail a five-stage pipeline — from preprocessing and AST-based context extraction to rationale-backed scoring
— that converts subjective judgments into an objective, data-driven metric, laying groundwork for a semantics-
centered code quality framework. Future work will validate the rubric across multiple LLMs and extend it into an
automated refactoring recommendation tool.
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1. Introduction capture the semantic notion of cohesion, leaving design
intent and code context unreflected [3, 4].

As software systems grow more complex, managing
cohesion has become increasingly important for
preserving module independence and maintainability [1].
Cohesion measures the degree to which a module's
components cooperate toward a single purpose, and high-
cohesion design is central to improving readability and

To address this limitation, we propose a semantic
cohesion measurement method based on the ‘LLM-as-a-
Judge’ paradigm. Our goal is to compute a deeper level of
cohesion — one that is difficult to capture through static
analysis — by leveraging semantic information such as
identifiers and comments. To this end, we re-establish
traditional cohesion theory and build a five-criterion
semantic rubric evaluation system optimized for LLMs'
qualitative reasoning capabilities [5]. This enables
quantification of subjective code interpretation against a

minimizing side effects [2]. However, existing structural
metrics such as Lack of Cohesion in Methods (LCOM)
rely solely on syntactic connectivity and therefore fail to
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consistent standard, enabling semantic quality evaluation
while providing an in-depth rationale for each judgment.

Section 2 reviews related work, Section 3 details the
proposed methodology, and Section 4 concludes the paper
with directions for future work.

2. Related Work

2.1 Cohesion Models in the Object-Oriented
Paradigm

Traditional cohesion is a measure of the association
among components within a module; in the object-
oriented paradigm, it has been concretized primarily in
terms of relationships between classes and methods. Prior
work has proposed schemes that identify cohesion levels
based on the syntactic structure of code, such as method
call frequency, parameter sharing, and return-value usage
[6], with sequential and communicational cohesion —
where data flow is clear — widely used as key indicators
of module reusability. As noted above, however, such
purely structural measures cannot infer the logical
consistency or design intent latent in the code, motivating
the LLM-based semantic analysis model proposed in this

paper.
2.2 LLM-as-a-Judge
Evaluation Model

Based Rubric

Recently in software engineering, the ‘LLM-as-a-
Judge’ paradigm — which uses LLMs as the evaluating
agent for software artifact quality — has drawn
significant attention, building on the foundational LLM-
as-a-Judge framework originally proposed for evaluating
open-ended natural-language responses [7]. A subset of
high-performing LLMs — such as Claude Sonnet and
GPT-40-mini — has been empirically shown to achieve
high correlation with human expert reviewers when
interpreting naming conventions, comment context, and
logic flow [8], suggesting that this interpretive capability
can be leveraged to analyze semantic cohesion that
reflects design intent.

However, simple prompting approaches suffer from
hallucination and inconsistent, subjective interpretation.
To address this, our study adopts a rubric-based
evaluation process (Fig. 1), since prior work shows that a
concrete rubric both the wvalidity and
reproducibility of LLM-based evaluation [5].

improves
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Fig. 1. LLM-as-a-Judge evaluation process

This process jointly analyzes the Instruction, the
Response to Evaluate, the Reference Answer, and a
Customized Score Rubric, generating both a score and
accompanying feedback that grounds the evaluation in a
clear, traceable rationale.

3. Proposed Methodology

3.1 Design of an LLM-Based Semantic
Cohesion Evaluation Rubric

We accept the criticism raised in prior work that the
traditional seven-level cohesion hierarchy, being merely
an ordinal scale, is unsuited to automated quantitative
measurement [2], and that applying it to object-oriented
systems requires subjective semantic analysis, making
automation difficult [1]. To address this, we restructure
the complex hierarchy into five core semantic indicators
that an LLM can evaluate in fine detail, and we design a
100-pt rating scale for each indicator. Throughout this
rubric, the function is used as the primary unit of
evaluation, while module refers to the class- or file-level
container that groups related functions.

Table 1. LLM-Based Semantic Cohesion Evaluation Rubric

Evaluati q e
vau ation Evaluation Criteria
Indicator
s Does the function exist to fulfill only a
Responsibility . .
single, clearly defined domain
Focus (RF) N
purpose?
Functional Do the multiple functions grouped

Consistency (FC)

within the module share a common
domain context?

Data Cohesion
(DO)

Do the functions within the module
communicate closely around the same
core data or state?

Flow Cohesion

Does the execution flow between
functions reflect an organic exchange

(FIC) of data, or merely an arbitrarily
imposed order?

Do  identifiers  (function/variable

Role Clarity (RC) names) and comments clearly and

truthfully describe the actual internal
logic?

Table 1 presents the five evaluation indicators and their
corresponding criteria. They are grounded in the classical
cohesion taxonomy proposed by Stevens et al. [9] and the
Single Responsibility Principle (SRP) from the SOLID
principles [10]. Specifically, Responsibility Frnre (PTY
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and Functional Consistency (FC) correspond to functional
cohesion and the SRP; Data Cohesion (DC) corresponds
to communicational cohesion; and Flow Cohesion (FIC)
corresponds to sequential cohesion. Role Clarity (RC) has
no counterpart in that taxonomy — it was newly
introduced so the LLM's natural-language reasoning can
judge whether identifiers and comments truthfully reflect
the code's actual logic, exposing 'distortions of design
intent' that static analysis tools cannot detect.

Table 2. Deduction Severity Criteria for LLM-Based Scoring

Severity | Deduction Descriotion
Level Range P
.. L A minor flaw that barely
Trivial lto=5pt deviates from the principle
Deviates from the principle
Minor —6to—15pt |but does not lead to a
functional problem
A clear violation with a
Moderate | —16to —30 pt | substantive impact on
maintainability
Multiple principles violated at
Major —31 to —45 pt | once, or impact spread across
the module
.. A fundamental violation that
Critical 4610 =60 pt effectively collapses cohesion

Table 2 summarizes the deduction severity criteria used
to score each indicator. If multiple issues are found within
a single indicator, the LLM deducts for each and
accumulates the total, with a floor of 0. A single violation
cannot exceed —60 pt; a more severe case must instead be
expressed as multiple individually listed violation reasons
whose deductions accumulate, thereby keeping the
deduction rationale auditable and helping constrain cross-
model variance.

3.2 Proposed Semantic Cohesion Evaluation
Process

By applying the single-standard evaluation rubric
defined in Section 3.1 to the system, we propose an
automated ‘semantic cohesion evaluation process’ that
spans from source-code input to the derivation of a final
quality score. As shown in Fig. 3, the overall proposed
architecture comprises five core processing stages.

1. Sourca Coda Input | 3. LLM Semantic Cohesion Analysis |
| Final cohesion score

¢+ |+ Qualitative rationale

4. Result Output

2. Code Parsing & Context

Extraction Point Deduction

Explainer

Function Cohesion
Analyzer

Refine code at the

function/module level
* Extract structural
metadata via AST

Prompt for explaining i

the reason for the 5. Dashboard
deduction : " -
H Result visualization

Prompt based on
the Rubric

Fig. 3. Rubric-based semantic cohesion evaluation process

Step 1. Source Code Input: The source code to be
analyzed is entered into the system.
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Step 2. Preprocessing and Context Extraction: The code
is refined at the function and module levels, with
structural metadata extracted from the AST to capture
both syntactic and semantic context.

Step 3. LLM Semantic Cohesion Analysis: An LLM
injected with the rubric prompt compares the code's
design intent against each of the five indicators. Within
this single LLM call, two functional roles operate together:
the Function Cohesion Analyzer assigns a numeric score
to each rubric indicator, while the Point Deduction
Explainer generates a natural-language rationale for every
point deducted, referencing the severity levels defined in
Table 2.

Step 4. Result Output: Structured data — including the
cohesion score, matched indicators, and qualitative
rationale — is produced for each function.

Step 5. Dashboard: The results are rendered on a web-
based dashboard for intuitive interpretation by the
developer.

4. Conclusion and Future Work

We proposed an LLM-based semantic cohesion
evaluation model to overcome the limitations of existing
static converting subjective, qualitative
judgments into an objective, rubric-driven metric through
an automated evaluation process. As future work, we plan
to validate the rubric empirically across multiple LLMs

analysis,

and extend the system into an automated refactoring
recommendation tool that directly improves code based
on the evaluation results.
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