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Abstract
Software projects comprise multiple features that capture both func-
tional and non-functional requirements. However, many relevant
features emerge over time and, as such, are not modularized into
modules (e.g., classes or methods) in the orignal design. Their ef-
fective management requires proper modularization through refac-
torings as software evolves. Poor feature modularization results in
design problems (DPs), such as features whose implementations
are tangled to each other or scattered across multiple files. Address-
ing these DPs would benefit from automated recommendations of
feature refactoring. However, existing techniques do not explicitly
support feature-driven modularization refactoring. Thus, in this
paper, we propose FeatureRef, an automated technique to assist
developers in spotting and refactoring feature-related DPs. Featur-
eRef detects DPs by relying on data from the project design, the
source code, and automatically-produced mappings of features in
existing program files. The technique uses a topic modeling algo-
rithm to automatically determine how existing features are reified
in project files. Then, FeatureRef combines feature mappings with
indicators of poor structural code quality to find DPs. Finally, to
create refactoring recommendations, FeatureRef relies on a novel
refactoring recommendation strategy, which combines refactoring
heuristics with search-based optimization. We evaluated Featur-
eRef through an empirical study with six open-source projects. The
results show that our approach removes nearly three times more
feature-related DPs compared to a state-of-the-art baseline that
strictly relies on structural metrics to guide refactoring of feature-
related code smells, such as God Class (feature tangling) and Feature
Envy (feature scattering).

Keywords
Software redesign, design problems, search-based optimization,
feature modularization
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1 Introduction
Software projects commonly comprise multiple features, repre-
senting functional and non-functional requirements [13]. In many
projects, features emerging at design or evolution time are the main
unit of work distribution [46]. Thus, a fundamental design prac-
tice is supporting the proper modularization of each feature in a
project [5, 44]. Despite the importance of featuremodularization, en-
gineers often introduce Design Problems (DPs) by making decisions
that negatively affect feature modularity [27, 28]. Feature-related
design problems comprise scattered features (i.e., a feature logic
spread across multiple program elements) [5, 19, 39] and feature
overloads (i.e., multiple unrelated features implemented in single
program elements) [19, 39]. These problems hinder maintenance of
feature code as features’ responsibilities are tangled or spread in
multiple elements.

The effectiveness of existing techniques (e.g., [39, 42, 51]) for
identifying these feature-related DPs is unknown. They are often
strictly based on internal code measures and detection of code
smells. When identified, DPs should be removed through code
refactorings [18]. However, deciding where and how to refactor
feature-related DPs is far from trivial. Traditional code measures
and smells are not enough for properly identifying feature-related
DPs [39, 42, 51]. Moreover, even when the locations of DPs are
known, refactorings performed in practice may be unable to com-
pletely remove them [9, 40]. The core deficiency is that existing
work does not take into consideration automatically-generated
feature representations.

There are three major challenges related to detecting and remov-
ing feature-related DPs. First, feature-related DPs often manifest
across multiple elements of a system, making their detection diffi-
cult. This occurs because DPs involve different types of symptoms
that must be considered together with feature-to-code mappings for
effective identification, such as scattered method calls or duplicated
conditional logic (all pertaining to a single feature), or unexpected
feature interactions [38–40, 51]. Second, developers often need help
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understanding all the multiple symptoms and causes of a feature-
related DP, before they can fix it, which makes the process time-
consuming and error-prone if not done carefully [39, 51]. Otherwise,
negative consequences of feature DPs may persist. Third, devel-
opers need support in deciding which refactorings to apply and
how, as removing a feature-related DP often requires a sequence of
multiple non-localized refactorings. These refactorings may also
involve elements without clear syntactic dependencies [12, 38, 50],
making them difficult to identify.

Despite existing approaches for detecting and removing DPs (Sec-
tion 2), they fall short in addressing the challenges described above.
In particular, some techniques recommend refactorings targeting
code-level smells related to poor feature modularization, such as
God Class (representing dense feature tangling) and Feature Envy
(representing mislocated functionality). However, these approaches
rely exclusively on structural properties of classes and methods,
without explicitly modeling how features are implemented and dis-
tributed across the system. A single feature may contain multiple
feature envies and other smells, which should be better refactored
once. Certain parts of a feature many not contain a documented
smell and are, therefore, ignored by the techniques. As a result,
they are limited in their ability to accurately identify and refac-
tor feature-related DPs that span multiple elements and require
semantic understanding of functionality.

Recent advances in refactoring recommendation have explored
the use of deep learning and transformer-based models to detect
and suggest refactorings, including approaches such as ROSE [36].
These techniques leverage structural and historical information to
identify architectural and design issues. However, they typically do
not explicitly model how features are represented and distributed
across the system, which limits their applicability to feature modu-
larization problems. Despite complex feature-related refactorings
being reported in the literature [8–11, 50], there is evidence that
many refactorings performed in practice are not effective [7, 12, 47].
That happens because developers usually (1) perform incomplete
refactorings [7–9], and (2) select combinations of refactorings that
are not effective for major feature-wide DPs [1, 47], such as fea-
ture scattering and overload. As a result, feature-related DPs may
not be completely removed, or, sometimes, design quality can get
worsened [12, 50].

To address these limitations, we propose a new recommenda-
tion technique called FeatureRef. The technique uses as input not
only the software source code, but also its project design. From the
project design, FeatureRef uses a topic modeling [49] algorithm to
extract the distribution of features across the project elements. We
have not used LLMs to capture feature-to-code representations as
recent evidence suggests that LLMs is still struggle [54] with the
reliability and precision required for high-level architectural feature
mappings. While LLMs can handle structural changes, their ability
to consistently and accurately relate abstract requirements to dis-
tributed source code elements remains a challenge. Also, FeatureRef
uses the source code to collect quality measures and code smells,
relating them to the relevant features discovered with the topic
modeling algorithm. To provide effective refactorings, we have de-
signed a new heuristic for refactoring recommendations based on
feature modularity. FeatureRef combines our new heuristic with

two heuristics inspired by the state-of-the-art techniques for rec-
ommending effective refactorings. The recommendation relies on
search-based optimization to create and incrementally evolve (i.e.,
improve) multiple possible recommendations. Finally, to improve
efficiency, we defined a strategy for selecting which elements to
refactor based on the number of feature-related DP symptoms.

We implemented a reference tool to evaluate FeatureRef and con-
ducted an empirical study involving six open-source projects. For
the search-based optimization, we selected two algorithms, namely
NSGA-II [16] and MOSA [53], which presented promising results in
refactoring recommendation studies [2, 24]. The evaluation is based
on both quantitative and qualitative analysis. The results show that
FeatureRef outperforms the approach proposed by [38], used as
a BASELINE in our evaluation. Specifically, FeatureRef leads to a
greater reduction in the number of code smells, lowers the num-
ber of features per code element, and improves cohesion by better
grouping related functionality within system components.

In summary, the main contributions of our work are: (1) pro-
posal of a refactoring recommendation technique that combines
search-based optimization and topic modeling to overcome the
three challenges above; (2) implementation of a reference tool; and
(3) an empirical study that reports new promising findings on the
proposed technique.

2 Background and Search-based Refactorings
Composite Refactoring. Complex design problems often require
sequences of refactorings rather than isolated transformations. Ex-
isting tools and techniques for refactoring detection focus mainly
on individual refactorings [34]. To overcome this limitation, opti-
mization techniques have been applied to suggest effective sets of
refactorings. Approaches based on genetic algorithms, local search,
and simulated annealing aim to find combinations of code changes
that optimize structural quality metrics in a more general way [21].
Inspired by these advances, this work explores the generation of
composite refactorings, sequences of changes, to enhance code struc-
ture in a more comprehensive way, addressing multiple quality
aspects simultaneously. In this context, optimization becomes a key
element [8], [50], [9].

A Baseline Technique for Recommending Composite
Refactorings. Oizumi et al. proposed an approach to recommend
composite refactorings [38]. They also demonstrated that heuristics
based on code smells and internal quality attributes can effectively
guide the removal of major structural problems in software systems.
Hereafter called the BASELINE technique, it systematically iden-
tifies composite refactoring patterns and uses them to construct
heuristics to eliminate common types of feature-related code smells
such as Complex Class, Feature Envy, and God Class. Unlike BASE-
LINE, which only analyzes source code, FeatureRef incorporates
explicit information related to features into the refactoring process.

Recent approaches have explored the use of machine learning
and transformer-based models for refactoring recommendation,
such as ROSE (ESEM 2025), which focuses on architectural smells us-
ing deep representations of code structure. While these approaches
have shown promising results, they rely primarily on structural
and historical information and do not explicitly capture how fea-
tures are modularized across the system, not explicitly addressing
feature-related DPs. The BASELINE technique was selected because
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it relies on structural heuristics similar to those used in practice
for detecting code smells related to poor modularization. Although
more recent approaches exist, they are not directly applicable to
our problem, as they do not incorporate an explicit representation
of features in the code.

Optimization Techniques. Recent studies have shown that
approaches based on multi-objective evolutionary algorithms per-
form well when solving a variety of problems, especially because
these algorithms can handle multiple criteria that are part of how
the problem itself is defined [14, 16]. Among the algorithms most
commonly used for this type of problem are NSGA-II and MOSA.
NSGA-II organizes candidate solutions into Pareto fronts based on
dominance relationships and uses a crowding distance measure to
maintain diversity across solutions [16]. In contrast, MOSA was
designed to efficiently handle many-objective problems (three or
more conflicting objectives), employing a coverage-based sorting
strategy and maintaining an external archive to ensure diversity
and convergence even in high-dimensional spaces [23] [33].

3 The FeatureRef Approach
FeatureRef aims to support refactoring for feature modularization
problems. It was designed based on previous studies [42], [41], [40]
and [38]. Figure 1 presents an overview of the technique and its
execution steps, implemented in the tool1. It is important to note
that FeatureRef is a refactoring recommender; it identifies and
suggests sequences of transformations but does not automatically
execute them in the source code or validate the resulting state. A
pseudo-code representation of the FeatureRef algorithmic process
is available in the project’s official repository.

To illustrate the use of FeatureRef, Figure 2 shows an example
from the OkHttp repository2 , where FeatureRef generates a refac-
toring recommendation for the overloaded class Transmitter. The
technique identifies Feature Overload based on symptoms such as
Large Class, God Class, Complex Class, Feature Envy, and Dispersed
Coupling, as well as the presence of multiple features within the
same class. This analysis, FeatureRef recommends splitting the class
into two, improving feature modularization. The selected solution
achieves better cohesion, quality metrics, symptom reduction, and
fewer refactorings compared to alternative solutions.

3.1 Feature-related Collection
FeatureRef can detect DPs and recommend refactorings based on
data on feature modularization. This step aims to collect informa-
tion from the source code to infer the project’s functionalities using
topic modeling techniques. It was designed to address Challenge 1
(presented in the introduction), based on evidence from the liter-
ature pointing out that feature-related DP identification requires
heterogeneous symptoms [51, 52].

The procedure to detect features and select the code elements
for the identification of DPs is composed of four steps, namely
Element selection, Topic Model Construction, Feature Identification
and Association, as follows.

1https://github.com/opus-research/feature-ref-package
2https://github.com/square/okhttp

Element Selection. FeatureRef allows for the definition of a
strategy for selecting the elements to analyze and generate refac-
toring recommendations. Our selection strategy is defined as the
top ten code elements with a higher chance of being impacted by DPs.
For instrumentation, we decided to rely on the number of DP symp-
toms. Thus, this heuristic is expected to select the elements more
likely to need feature modularization. The pre-selection of files is
performed based on the symptoms initially detected. The metrics
used in this process are: number of fields, number of methods, and
number of statements. Figure 2 shows the values of these metrics
for the Transmitter.java file. These results suggest that this class
contains many attributes, methods, and statements, indicating that
it likely handles multiple responsibilities.

Topic Modeling. FeatureRef relies on a Topic Modeling algo-
rithm for finding features, receiving as input the top degraded
element collected in the previous steps. For this task, we use the
Machine Learning for Language Toolkit (Mallet) [32]. We use their
Latent Dirichlet Allocation (LDA) parallel topic modeling imple-
mentation, previously applied in previous studies in the field [49]. A
topic modeling algorithm relies on textual data to identify recurrent
topics based on their occurrence in the analyzed documents. In our
case, the documents are the source code files.

Figure 2 illustrates the Topic Modeling process. For the prob-
lematic Transmitter Java class, topic modeling was performed to
identify the most representative topics within its textual content.
Two topics, 21 and 44, were identified, each consisting of frequently
occurring words in the file and represented as a set of tokens.

Feature Identification and Association. Features are inferred
from topics and associated with code elements based on token
frequency (Figure 2). Each set of tokens forming a topic is inferred to
represent a possible functionality derived from the topic’s content.
These functionalities may be associated with specific code elements,
and identifying these associations is key to detecting problematic
code elements related to particular functionalities.

After the identification of features, FeatureRef assigns these
features to the source code Types and Methods. Each association
attempt is evaluated based on how frequently the topic’s tokens
appear within the textual code element. The more dominant the
tokens are, the stronger the indication that the functionality is
associated with that particular code element. This may suggest
that the element is handling too many responsibilities, making
it a potential candidate for refactoring. This leads FeatureRef to
investigate this class, which contains a DP. The output is a more
refined set of code segments with potential design issues, helping
us to recommend refactorings that are more related to the system
functionalities.

3.2 Quality Collection
Given the code elements provided by the Feature-related Collec-
tion step, FeatureRef conducts a quality assessment based on the
combination of multiple feature-related DP symptoms, addressing
Challenge 2. FeatureRef allows the use of various types of symp-
toms. We selected three types of symptoms, namely Internal Quality
Measures, Code Smells, and Feature-based Symptoms. Based on the
information about symptoms, a composite refactoring recommen-
dation is generated. Then, optimization algorithms are applied to

https://github.com/opus-research/feature-ref-package
https://github.com/square/okhttp
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Figure 1: Overview of the FeatureRef technique
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Figure 2: Example of all steps of Refactoring Solution for the Okhttp Project

refine these recommendations, considering that topic modeling
may produce diverse results due to the size of the search space.
The steps involved in this process are detailed in the following
subsections.

Extraction of Quality Information. Based on the code ele-
ments identified during the Feature-related Collection step, this
stage focuses on gathering evidence of potential design issues
within those elements. To accomplish this, Internal Quality Met-
rics, Code Smells, and Feature-based Symptoms are analyzed. After
applying the Feature-related step, FeatureRef can now operate on
specific elements that may be associated with design flaws. Figure 2
presents the quality metrics collected for the identified class, along
with the associated code smells and feature-related symptoms. We
describe the three types of symptoms as follows.

Internal Quality Measures comprise source code metrics rel-
evant to feature modularization. To detect Feature Overload and
Scattered Feature, we consider measures such as Coupling Disper-
sion, Coupling Intensity, Lack of Cohesion, Cyclomatic Complexity,
Number of Clients, Methods, Fields, and Statements.

These metrics capture different structural aspects affected by
such problems. In particular, coupling and cohesion are established
indicators of poor modularization [26], while size-related measures
provide indirect evidence of degradation. In our example, high
values - especially in the number of methods - suggest an overload
of responsibilities in the analyzed class.

Code Smells are surface indicators of design problems in source
code [18]. In FeatureRef, we use rule-based heuristics [31], derived
from internal quality measures, as commonly adopted by state-of-
the-art approaches. We focus on smells related to feature modular-
ization [39], namely Complex Class, Dispersed Coupling, Feature
Envy, God Class, Large Class, and Lazy Class.

Table 1 illustrates how internal quality metrics support smell
detection. In our example, high numbers of methods, fields, and
statements indicate excessive responsibilities (Large Class), while
moderate cohesion and high coupling suggest complexity (Com-
plex Class). Moreover, the presence of multiple clients points to
centralized functionality, indicating a potential God Class.

Table 1: Code Quality Metrics and Related Symptoms

Metric Indication Smell

#clients = 7 High usage GodClass
#methods = 16 Many methods LargeClass
lcom3 = 0.59 Moderate cohesion GodClass
#fields = 14 Many attributes Large, Complex
coup_disp = 9 External access ComplexClass
#statem = 106 Long code LargeClass
coup_int = 13 High dependency ComplexClass

Feature-based Symptoms capture issues related to poor fea-
ture modularization. We define two heuristics based on feature
detection: Feature Concentration, which identifies classes with an
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above-median number of features as candidates for Feature Over-
load, and Feature Dispersion, which detects features spread across
multiple non-dominant classes, indicating scattering. These heuris-
tics are directly aligned with the targeted DPs.

In our example, the class Transmitter.java is identified with the
symptom TypeConcernConcentration (numberOfConcerns = 2), in-
dicating multiple features concentrated in a single class. This re-
flects Feature Overload, as the class exceeds the average number of
features in the project and accumulates multiple responsibilities,
violating feature modularization principles.

3.3 Refactoring Generation
This step generates the refactorings to improve the feature modu-
larization of a subset of code elements. As we can see in Figure 1,
once the design symptoms have been identified in the code ele-
ments, FeatureRef uses these design issues alongside both tradi-
tional heuristics and feature-related heuristics. Although the selec-
tion of heuristics is flexible, we selected the following initial set of
heuristics for this study:

Move Method Heuristic. FeatureRef finds the suitable class for
moving a method by counting the number of calls and accesses to
fields. Methods are moved to the class with the highest structural
affinity. The rationale behind this heuristic is that a class with
the highest bound factor can be the best candidate for cohesively
receiving the moved method [38].

Extract Class Heuristic. For generating Extract Class refac-
torings, FeatureRef uses a heuristic inspired by the one proposed
by Fokaefs et al. [17]. FeatureRef uses Agglomerative Hierarchi-
cal Clustering to find groups of fields and methods that can be
extracted. Itc starts by including each method and field in separate
clusters. Then, the clusters are compared and merged based on the
Jaccard distance metric. This process continues through multiple
iterations until no clusters can be merged. As a result, our heuristic
recommends extracting the smaller clusters of fields and methods.

Feature-based Move Element Heuristic. This heuristic is
inspired by theMethodBook technique proposed by Bavota et al. [6],
which relies on topic modeling to find Move Method candidates.
Similarly to them, FeatureRef identifies multiple candidates for
receiving a method based on feature similarity. In this case, we
include only as candidates the classes for which the predominant
feature is the same as the method. The heuristic generates the Move
Method targeting a randomly selected class among the available
candidates. The other candidates are stored to be used later in the
refactoring optimization process.

Feature-based Extract Class Heuristic. FeatureRef includes
a heuristic for generating Extract Class refactorings based on fea-
tures. It selects the classes that contain two or more features and
recommends the extraction of methods implementing the non-
predominant features of the class. Besides the methods, it selects
the fields used only by the extracted methods.

These four heuristics were selected for their effectiveness in
supporting refactorings that address feature-related DPs. As shown
by [38], [17], and [6], such techniques improve modularity by re-
structuring code based on cohesion, coupling, and feature similar-
ity, helping to reorganize scattered or misplaced functionalities.
Although other refactorings could also improve feature modular-
ization, this study focuses on those targeting the internal structure

of classes. In our example, the identified symptoms highlight crit-
ical elements of the class, particularly a cluster of closely related
methods and fields, suggesting an embedded responsibility and a
tendency toward a God Class.

Based on this analysis, FeatureRef recommends an Extract Class
refactoring (Figure 2) to isolate this cohesive subset into a new class.
This recommendation follows the defined heuristics and is part of
a broader refactoring sequence aimed at improving modularity
and maintainability. The generated recommendations are abstract
refactoring plans requiring manual implementation, without au-
tomated verification of compilation, test execution, or behavioral
preservation.

3.4 Refactoring Optimization
FeatureRef employs a search-based algorithm [22] to recommend
refactorings that improve code structure according to defined opti-
mization objectives, addressing Challenge 3. Unlike traditional ap-
proaches (e.g., MORE [43], RefBot [3], and others surveyed in [30])
that rely on random initial populations, FeatureRef constructs its
initial population by combining refactorings derived from four pre-
defined heuristics, enabling the search to start from higher-quality
solutions and potentially reducing optimization effort.

The optimization problem is modeled as a refactoring sequence
vector, where each position represents the refactorings applied to a
specific element, which may receive multiple or no refactorings. As
illustrated in Figure 3, this representation allows FeatureRef to focus
the optimization on selected elements, improving the effectiveness
of the search.

ClassB

EC [

fields {f1, f2, f3}

methods {m1, m2} 

]

ClassA

MM {m1->ClassD}

MM {m2->ClassF}

MF {f1->ClassD}

MF {f2->ClassF}

ClassC

MM {m1->ClassE}

EC [

fields {f1, f2}

methods {m2, m3} ]

ClassD

No Refactoring

0 1 2 3

Solution Representation

methods { m1, m2, m3 }

Mutation
Example

Add Element to
Extract

Figure 3: Example of solution representation

The choice of operators and objectives in FeatureRef aims to
efficiently generate high-quality refactoring solutions, following
the guidelines from [24], focused on reducing smells and improv-
ing modularization. The approach includes four operators: Replace
Refactoring Type, which changes the refactoring applied to an el-
ement; Add Refactoring to an Element, which complements exist-
ing refactorings; Remove Refactoring, which removes part or all
of a refactoring; and Change Move Target, which redirects a Move
Method to another candidate element.

To evaluate solutions, FeatureRef defines fiveminimization objec-
tive functions. The Quality Measures objective aggregates struc-
tural metrics, as in prior work (e.g., [2]), while Lack of Cohesion
is treated separately due to its direct relation to feature modular-
ization. The Density of Symptoms follows [24], measuring the
ratio of symptoms after and before refactoring. The Number of
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Features per Element evaluates how solutions improve feature
distribution, and the Number of Refactorings favors solutions
with fewer transformations.

Overall, these operators and objectives enable FeatureRef to
explore and refine refactoring solutions, improving cohesion, re-
ducing coupling and design symptoms, and optimizing the number
of applied refactorings.

The application of search operators enables FeatureRef to iden-
tify multiple refactoring solutions with different scopes and trade-
offs. For example, as shown in Figure 2, one solution applies nine
refactorings across nine files to maximize modularization, while
another, more focused, uses only five refactorings in five files, still
achieving significant improvements in cohesion and complexity.
This demonstrates that both broad and targeted strategies can be ef-
fective. Through crossover and mutation operators, FeatureRef not
only automates refactoring discovery but also explores and evolves
alternative solutions, allowing developers to balance goals such as
structural improvement and number of changes. This gives devel-
opers more flexibility and control when deciding how to refactor
their systems.

FeatureRef is built on the JMetal framework3, which supports
multiple optimization algorithms and extensibility. In this study, we
adopt MOSA [53] and NSGA-II [16] as refactoring recommendation
strategies. MOSA showed good performance in preliminary evalu-
ations and in related work [24], while NSGA-II is widely used in
software engineering optimization [15]. In NSGA-II, the proposed
operators act as mutation mechanisms, and crossover combines
elements from different solutions to generate new ones. Although
these algorithms were selected, further studies may explore addi-
tional optimization techniques.

Finally, FeatureRef includes baseline strategies for comparison.
The SIMPLE strategy generates five solutions: four based on individ-
ual heuristics and one combining them randomly. The BASELINE
strategy follows the same structure but replaces feature-driven
heuristics with traditional ones, enabling comparison with existing
approaches.

4 Study Design
We designed a multi-case study to evaluate the proposed technique.
Our study goal is to evaluate the effectiveness of the FeatureRef’s
refactoring recommendations to improve feature modularization. To
guide our study, we address the following research questions (RQs).

RQ1: What is the effectiveness of feature-based strategies
when compared to a baseline? This RQ aims to evaluate whether
our refactoring heuristics, in combination with search-based opti-
mization, can improve the recommendation of refactorings for fea-
ture modularization. To answer RQ1, we evaluated the effectiveness
of search-based algorithms in generating refactoring recommenda-
tions compared to a baseline (see Section 3.4). This evaluation was
performed based on the impact of solutions on (1) the number of
code smells, (2) the number of features per element, (3) the lack of
cohesion of refactored elements, and (4) their computing time.

RQ2:What is the impact of solutions generated by Featur-
eRef on feature modularization? To answer RQ2, we compared

3https://github.com/jMetal/jMetal

the solutions generated by each of the strategies described in Sec-
tion 3.4. The idea behind RQ2 is to understand how the use of
feature-based heuristics and search-based algorithms impacts fea-
ture modularization. Furthermore, we did a manual evaluation to
identify if the technique’s components were able to improve feature
modularization from the developers’ point of view.

4.1 Target Software Projects
We selected a set of six industry-strength open-source projects for
our study. We selected projects following five criteria: (1) imple-
mented in the Java programming language; (2) use pull request
reviews as a mechanism to receive and evaluate contributions;
(3) have at least 1,000 commits; (4) are at least five years old, and (5)
are currently active. We understand that exploring this diversity is
important to our study because it allows us to evaluate the proposed
technique over a heterogeneous set of features and design decisions
that may influence the required refactorings. Table 2 provides more
details about the six selected projects.

Table 2: Overview of the Target Projects
Project Domain Commits PRs Release

Dubbo RPC framework 5356 4702 3.0.6
Fresco Image library 3150 407 2.6.0
Jenkins CI server 31686 6351 2.319.3
OkHttp HTTP client 5072 3457 3.14.0
RxJava Async library 5969 3678 3.1.0
Spring Security Security library 10142 1865 5.6.0

4.2 Experimental Configurations
Detailed information about the experimental setup, including algo-
rithm configurations, parameters, and execution settings, is avail-
able in the README of project repository4.

4.3 Data Collection Procedures
We followed the procedures described below.

Topic modeling training: Using the configurations described
in the previous section, we ran the Mallet tool for training the topic
models. Since the target projects are from different domains, we
created a model per project. The input is composed of the source
code files of the target project, and the result is the topic model. In
the next step, we use the topic model of each project in FeatureRef
to identify features based on topic inference.

FeatureRef execution.We implemented all the refactoring rec-
ommendation strategies (MOSA, NSGA-II, and SIMPLE, all using
LDA) in the same tool. FeatureRef contains both the baseline and the
feature-driven strategies, which allows us to perform comparisons
based on the same quality measures. For each recommendation
strategy, FeatureRef provides the list of solutions with their re-
spective recommended refactorings and fitness values. Moreover,
it provides information about the design quality before and after
performing the recommended refactorings. For each target project,
we ran FeatureRef and collected the aforementioned results for
30 executions of each recommendation strategy evaluated in this
study.

4https://github.com/opus-research/feature-ref-package

https://github.com/jMetal/jMetal
https://github.com/opus-research/feature-ref-package
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4.4 Quantitative and Qualitative Analysis
To answer our RQ𝑠 , we defined three key data analysis procedures.

Selection of the best solutions. We selected the non-
dominated solutions [14] across the 30 executions. The non-
dominated solutions are those reaching the best fitness to all objec-
tives.

Comparing Strategies.We relied on multiple quality impact
criteria to compare MOSA, NSGA-II, and SIMPLE across all projects:
(1) number of symptoms, (2) number of features per element, and
(3) lack of cohesion. Such criteria were used to evaluate the gener-
ated solutions based on the differences before and after applying
the recommended refactorings. Also, we performed a quantitative
analysis based on descriptive statistics and the Mann-Whitney U
test for all criteria.

Recommendations Analysis.We manually analyzed a repre-
sentative subset of recommendations to complement the quantita-
tive evaluation. To reduce the cognitive effort required to under-
stand different codebases, we focused on recommendations from
the OkHttp project. We assessed the technical soundness, practical
feasibility, and impact of the recommended refactorings on both
structural quality and feature modularization, considering design
symptoms and feature distribution across software elements.

5 Results and Discussion
This section presents the results of our evaluation of FeatureRef.

5.1 On the Quality Impact of Feature-driven
Strategies

To answer RQ1, we evaluated four refactoring recommendation
strategies, comparing feature-driven approaches with a rule-based
baseline. Table 3 summarizes the median results for three quality
criteria computed over the top 10 degraded elements of each project.
Negative values indicate improvements after refactoring, and the
best results are highlighted in bold.

DP Symptoms. SIMPLE and NSGA-II achieved the best results
in most projects, with MOSA presenting similar results except for
Dubbo. BASELINE showed relevant improvement only for Jenkins.
A Mann-Whitney U Test indicates, with 95% confidence, that SIM-
PLE and NSGA-II significantly outperform BASELINE and MOSA.
Number of Features per Element. Differences were smaller
across strategies, but NSGA-II achieved the best results in four
projects. BASELINE performed worst in all cases, even increasing
features per element in OkHttp.

Lack of Cohesion. NSGA-II consistently achieved the best re-
sults across all projects. SIMPLE and MOSA were less competitive
in this criterion compared to previous ones. Coupling Measures.
MOSA achieved the best reduction in coupling intensity, while
NSGA-II outperformed all strategies in coupling dispersion, rein-
forcing its effectiveness for feature modularization.

Finding 1. NSGA-II achieved the best overall results, con-
sistently reducing symptoms and lack of cohesion across
projects, while also providing the highest reduction in fea-
tures per element in most cases.

Computing Time. BASELINE and SIMPLE required less than 30
seconds. In contrast, MOSA often required around one hour, reach-
ing 1h14min for Dubbo. NSGA-II was significantly faster, ranging
from under 4 minutes to about 16 minutes. Although slower than
BASELINE and SIMPLE, its execution time is more practical and
justified by its superior results.

Finding 2. While the computing time is still not ideal, the
NSGA-II strategy can be viable give its consistently positive
impact.

5.2 Fitness of Generated Solutions
For answering 𝑅𝑄2, we analyze how the solutions obtained by each
strategy are dispersed in the solution space regarding our objective
functions: Density of Symptoms (Density), Number of Features
per Element (NFEAT), and Number of Refactorings (NREF). The
first two objectives are direct indicators of the impact of feature
modularization, while the last provides an overview of the required
effort for applying each solution in practice.

Solution Space for Fresco. The solutions generated by NSGA-
II are close to those generated by SIMPLE, but when focusing on
the best solutions, NSGA-II is significantly better: only NSGA-II
solutions achieve the simultaneous minimization of Density and
NFEAT, doing so with fewer refactorings than SIMPLE. Compared
to MOSA, NSGA-II explored the search space better, resulting in
higher solution diversity — a consequence of using crossover and
mutation operators [20]. The BASELINE solutions presented the
best NREF results, but their DENSITY and NFEAT results were
among the worst.

Solution Space for Dubbo. Results are similar to Fresco, with
the main difference being that the BASELINE strategy performed
significantly worse than all others, even when considering only
solutions with smaller NREF, all other strategies presented better
DENSITY and NFEAT. Most MOSA solutions also performed worse
than NSGA-II regarding DENSITY.

Solution Space for Jenkins and RxJava. For Jenkins, all strate-
gies produced similar solutions, closer than in other projects. MOSA
achieved better DENSITY results while keeping NREF below 40 in
most cases, whereas NSGA-II obtained better NFEAT results but
required more than 50 refactorings. We attribute this behavior to
the quality of the topic model, which affected feature-based heuris-
tics. For RxJava, MOSA also performed better in terms of DENSITY.
This was the only project where BASELINE generated more non-
dominated solutions, although its solutions became worse than the
others for DENSITY and NFEAT as NREF increased.

Solution Space for OkHttp. MOSA, NSGA-II, and SIMPLE
solutions are very close for the first half of the NREF axis, with
MOSA performing slightly better on DENSITY. As the number
of refactorings increases, NSGA-II tends to improve its impact on
DENSITY andNFEAT, although a larger number of refactoringsmay
make such solutions impractical. To summarize, NSGA-II explores
a larger search space than the other strategies, providing more
opportunities to find solutions that significantly improve feature
modularization. When considering only solutions with smaller
NREF values, NSGA-II outperforms the others on either DENSITY
or NFEAT. While MOSA can present better DENSITY results when
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Table 3: Median Quality Impact of Non-Dominated Solutions on the Top 10 Degraded Elements

# Smell Difference # Features Difference LCOM Difference

Project BASE SIMP MOSA NSGA BASE SIMP MOSA NSGA BASE SIMP MOSA NSGA

Fresco -6 -23 -16 -23 -1.5 -7 -4 -7 0.0468 -0.2043 -0.0723 -0.2212
RxJava -15 -35 -13 -37 -2 -10 -5.5 -11 -0.0544 0.0151 0.0415 -0.0747
Jenkins -24 -27 -21 -29 -4 -5 -5 -6 -0.0261 -0.0923 -0.0921 -0.1378
Spring Security -5 -19 -17 -19 0 -5 -5 -4 0.0007 -0.0913 -0.0469 -0.1145
Dubbo -11 -24 -11 -23 -1 -2 -2 -1 0.1247 -0.1452 -0.0475 -0.1972
OkHttp -6.5 -26 -20 -27 1 -3 -4 -4 -0.0741 -0.2193 -0.1549 -0.2541

All -10.5 -26 -16 -26 -2 -5 -4 -6 -0.0202 -0.114 -0.066 -0.151
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Figure 4: Partial view of the solution space for all projects

Table 4:MedianComputing Time (inMinutes) for Generating
Solutions

Project BASE SIMP MOSA NSGA-II

Fresco 0.0478 0.0766 22.1735 3.9935
RxJava 0.1502 0.1879 63.1804 14.7194
Jenkins 0.1438 0.1978 64.5497 12.1198
Spring Security 0.1139 0.1576 58.7528 13.3737
Dubbo 0.1622 0.2133 74.6844 15.9935
OkHttp 0.0508 0.1474 21.0723 3.2373

All 0.1288 0.1774 62.2587 12.4134

restricting solutions to fewer refactorings, NSGA-II tends to be
superior on NFEAT, leading us to conclude that it is the best strategy
for achieving FeatureRef ’s goal.

Finding 3. NSGA-II better fits the FeatureRef ’s goal. NSGA-II
explores a larger search space, generating solutions (refactor-
ing recommendations) that improve feature modularization
with a smaller number of refactorings.

5.3 Best Solutions Analysis
Since NSGA-II and MOSA presented the best results, we now ana-
lyze their best solutions, selected based on the Euclidean Distance
from the ideal solution. Table 5 shows the fitness values before
(original) and after (refactored) applying the best solution for each
project and strategy. For the same project, some original fitness val-
ues vary between MOSA and NSGA-II due to the non-deterministic
nature of the topic modeling algorithm.

High impact on the DENSITY and NFEAT objectives. For
all target projects, both DENSITY and NFEAT were consistently
improved after applying the best solutions, showing that our refac-
toring heuristics and mutation operators acted directly on feature
modularization, even without applying any weight to the objective
functions.

Negative impact on the LCOM objective. Fitness values wors-
ened in only a few cases (highlighted in red in Table 5), with LCOM
being the most negatively impacted objective: five cases withMOSA
and three with NSGA-II. We believe that effective LCOM improve-
ment may require refactoring types beyond those currently sup-
ported by FeatureRef, such as Extract Method. A possible negative
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Table 5: Fitness Values Before (Original) and After (Refac-
tored) Applying the Best Solution

DENSITY NFEAT LCOM

Project MOSA NSGA MOSA NSGA MOSA NSGA

Fresco Original 3.445 3.384 1.804 1.773 0.565 0.565
Refactored 0.995 1.000 1.001 1.007 0.567 0.566

RxJava Original 3.580 3.121 1.988 2.032 1.304 1.304
Refactored 0.995 0.999 0.998 1.001 1.302 1.300

Jenkins Original 2.990 3.073 1.484 1.533 0.485 0.485
Refactored 0.981 0.998 1.000 1.001 0.487 0.485

Spring Sec. Original 3.224 3.224 1.674 1.654 0.551 0.551
Refactored 0.998 0.998 1.000 1.000 0.552 0.552

Dubbo Original 3.218 3.297 1.753 1.790 0.540 0.540
Refactored 1.000 0.999 1.002 1.004 0.542 0.545

OkHttp Original 3.581 3.581 1.725 1.725 0.676 0.676
Refactored 1.007 0.981 1.013 1.017 0.682 0.668

correlation between LCOM and DENSITY or NFEAT objectives is
another hypothesis that deserves further investigation.

Low to no impact on QualityMeasures. In most cases, QMEA-
SURES remained unchanged while DENSITY improved for all
projects. We conjecture that this lack of correlation stems from
our use of feature-based symptoms: our feature-driven heuristics
significantly impact feature-based symptoms, while their effect on
traditional symptoms (captured by QMEASURES) is comparatively
small. For clarity and conciseness, we removed the QMEASURES
column from the table, as it showed negligible variation and did
not affect the interpretation of our results.

Number of Refactorings. Table 6 shows the number of refac-
torings for the best solutions.

Table 6: Number of Refactorings

Project MOSA NSGA-II

Fresco 11 8
RxJava 8 10
Jenkins 9 9
Spring Sec 8 8
Dubbo 9 10
OkHttp 14 9

Most fell between 8 and 10 refactorings, consistent with the num-
ber of elements in our selected context (top-10 degraded elements),
suggesting that the recommended effort is adequate.

Finding 4. When considering only the best solutions, NSGA-
II and MOSA achieved similar results across all objective
functions. However, taking into account the impact on LCOM,
computing time, and solution diversity, NSGA-II remains the
most effective strategy. Moreover, its results indicate that our
refactoring heuristics and mutation operators can effectively
recommend refactorings that improve feature modularization
and reduce the density of symptoms.

5.4 Qualitative Evaluation of Recommendations
Four collaborators analyzed the best solutions generated by MOSA
and NSGA-II for the OkHttp project. In general, feature-driven
solutions included refactorings suitable for feature modularization.
Extract Class heuristics were often sound and viable, although some
recommendations were imprecise.

Best solution of MOSA strategy. The best MOSA solution in-
cluded 14 refactorings (6 Extract Class and 8 Move Method) across
9 classes: QT1. “Overall, the refactorings can improve feature modu-
larization. However, in some cases some moved methods or extracted
classes are not necessary. Some move methods were unrelated to the
target class´ feature. As far as class extractions are concerned, the
tool suggested extracting some methods that should stay in the class
as they were related to the class’ main feature.”

MOSA’s effectiveness was strongly affected by topic model
quality. Generic terms sometimes led to incorrect feature asso-
ciations, resulting in impractical recommendations (e.g., moving
RealCall.cancel() to RealWebSocket.CancelRunnable). This suggests
the need for developer inspection of topic models before using
FeatureRef.

The following quotations illustrate Extract Class recommenda-
tions: QT2. “I agree with the extract class from OkHttp’s Platform’
class. Multiple methods should be placed in other classes, since they
deal with features like logging and protocol communication between
layers of security. However, the findPlatform’ method should stay
in the class.” QT2 shows that many recommendations were valid.
However, some failed to correctly identify features:QT3. “I disagree
with extracting a class from ‘Headers’. Most of the methods are related
to the building of the headers.”

Best solution of NSGA-II strategy. The best NSGA-II solution
consisted of 9 refactorings (8 Extract Class and 1 Move Method),
reinforcing the effectiveness of Extract Class heuristics: QT4. “Ex-
tract Class on Transmitter’ class is recommended because this class
implements many responsibilities and the recommended extractions
are related to a single responsibility, the Response feature. Thus, it
is indicated to extract these fields and methods to another class. In-
deed, Transmitter’ needs many refactorings to improve its feature
modularization because it is a God Class.”

As with MOSA, inaccuracies in feature identification also af-
fected NSGA-II: QT5. “Extract Class on class ‘Builder’ does not make
much sense because these attributes and methods are related to build-
ing a response. Thus, it is not appropriate to extracting these fields and
methods to another class.” These limitations highlight the need for
improved feature-driven heuristics and better topic model configu-
ration, particularly considering locality and syntactic dependencies.

Additional Steps Required. Some recommendations require
manual adjustments: QT6. “Compilation errors may happen because
some extracted methods use internal methods (from the source class),
then the developer need to update the extracted class to call these
methods.” This indicates that automated support for applying refac-
torings could reduce manual effort. Overall, FeatureRef produces
promising results, and its limitations can be mitigated through im-
proved topic modeling and heuristics, as well as prior techniques
for repairing feature mappings [35].

Developers play a central role in the FeatureRef workflow, re-
viewing topic models and validating recommendation side effects,
including buildability and test regressions. Our qualitative findings
(QT6) indicate that manual adjustments are often needed to resolve
dependencies missed by automated heuristics.

Finding 5. The quality of solutions generated by FeatureRef
depends directly on adequately configuring and training a



SBES 2026, September 8–11, 2026, São Paulo, SP, Brazil Oliveira et al.

topic model for feature identification. However, even in the
worst case scenario, FeatureRef was able to generate sound
and viable recommendations. On the other hand, we need to
improve our Move Method and Move Field heuristics, since
they presented some undesirable results.

6 Threats to Validity and Limitations
Internal. The configuration of detection algorithms is a common
threat in recommendation studies. To mitigate this, we followed
settings from prior work [3, 24, 43] and complemented them with
trial-and-error tuning. We adopted MOSA and NSGA-II [15, 24]
with standard parameters and executed 30 independent runs to
reduce convergence bias [4, 15]. Code smell detection rules and
thresholds may also affect results; thus, we relied on consolidated
rules from the literature, since FeatureRef depends on automatically
detected symptoms. Also, we plan to use fine-tuned LLMs in the
future to improve feature-to-code mappings, albeit a recent study
[54] suggests that they are not yet reliable for this task.

Conclusion and External. Automated detection of DP symp-
toms may introduce false positives and negatives, impacting quan-
titative results. We mitigated this threat by manually validating a
subset of recommendations. We also compare FeatureRef against
a self-defined baseline, as no existing technique targets feature
modularization directly. To reduce this limitation, the baseline was
inspired by prior work, and all data and implementation are publicly
available (Section 8). We evaluated six open-source projects, which
may limit the generalizability of the findings. To mitigate this, we
applied a systematic selection process, resulting in a diverse set of
Java projects in terms of size, architecture, and domain.

7 Other Related Works
There are several studies on applying refactorings to remove
DPs [25, 29, 45, 48, 55]. Kumar and Kumar [25] report an industrial
case study on refactoring a payment integration platform, moti-
vated by DPs such as Feature Overload, which resulted in significant
improvements in stability and throughput. Lin et al. [29] propose
an approach that guides developers through step-wise refactorings
to transform source code according to a target architectural design.
Multiple studies have used search-based algorithms to create refac-
toring recommendations [1, 3, 24, 43]. Ouni et al. [43], for example,
define an automated approach for refactoring recommendations,
called MORE, using a genetic algorithm with three goals: (1) im-
prove design quality, (2) fix code smells, and (3) introduce design
patterns. Alizadeh et al. [3] propose a technique called RefBot. It
focuses on providing recommendations in the context of pull re-
quests. The technique relies on a software bot that analyzes the
pull request changes through a search-based algorithm, which is
able to compose refactoring recommendations.

Unlike most refactoring recommendation techniques, which rely
on traditional quality measures (e.g., #symptoms, QMOOD, OO
metrics) [30], FeatureRef combines heterogeneous design symp-
toms with feature mappings to explicitly support feature modular-
ization. Although some approaches also leverage heterogeneous
information [5, 37, 47], they address more limited scenarios, such
as recommending only Move Class refactorings [5].

The technique proposed by Rebai et al. [47] help developers to
find and complement incomplete refactorings. They find incom-
plete refactorings through the developers’ refactoring intention
manifested in commit messages. The main difference between us
is that they focus on completing existing refactoring sequences,
while we focus on recommending refactorings for removing DPs.
Recent work explores deep learning and transformer-based models
for refactoring recommendation, such as ROSE [36], which tar-
gets architectural smells. Despite their promising results, these
approaches mainly rely on structural or historical data and offer
limited interpretability regarding the relationship between refactor-
ings and feature implementation. Consequently, their applicability
to feature-related DPs is restricted. Our approach differs by explic-
itly modeling how features are implemented and distributed across
the system, providing targeted feature refactorings.

8 Conclusion
In this paper, we proposed and evaluated FeatureRef , a technique
for providing effective refactoring recommendations to improve fea-
ture modularity. To the best of our knowledge, FeatureRef is the first
technique that provides feature-driven refactoring recommenda-
tions without requiring a complete redesign of the software system.
FeatureRef incorporates search-based algorithms to explore the
vast search space of the refactoring problem, and is flexible enough
to allow different strategies for selecting target elements.

The empirical evaluation validated our design decisions, show-
ing that optimized recommendations better improve refactored
elements without negatively impacting others. As future work, we
envision improving the Feature Detection component with state-of-
the-art NLP techniques, including additional refactoring types such
as Move Class and Extract Method, restricting recommendations
to automatically applicable refactorings, and conducting further
evaluation studies to improve FeatureRef based on empirical evi-
dence. Future work includes integrating the technique into IDEs
and CI/CD pipelines to recommend feature-related DPs, report
quality warnings, and validate behavioral preservation through
automated test execution.

Artifact Availability
The artifacts of this paper include the empirical study data, the
tool’s source code, and the topic models5.
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