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ABSTRACT

Antunes, Léo Carvalho Ramos. Search-Based Hierarchical Software Module
Clustering. August, 2026. 160 pages. Doctoral Thesis. Graduate Program in
Informatics, Federal University of the State of Rio de Janeiro (UNIRIO), Rio de Janeiro.

Heuristic search algorithms have been applied in various areas of Software
Engineering, such as requirements prioritization, software architecture improvement,
and time and cost planning. The research field of Search-based Software Engineering
(SBSE) proposes the use of heuristic search techniques to solve Software Engineering
challenges, which are described as optimization problems.

One of the challenges frequently analyzed from the SBSE perspective is the Software
Module Clustering (SMC) problem. This problem concerns the distribution of modules
(or classes) within a software project across larger structures called clusters (or packages).
A good distribution of classes into packages tends to make software easier to develop and
maintain. In addition, practice and experimental studies have shown a strong correlation
between poor distributions and the presence of component failures.

The quality of the distribution of software modules into clusters is evaluated through
metrics that quantify desired characteristics. The main factors used to assess the quality
of distributions are coupling and cohesion. However, research shows that optimization
based on metrics capturing structural characteristics alone does not yield an adequate
distribution of classes across packages from the perspective of software developers. One
reason that might have led to such limited results is the search for non-hierarchical class
distributions across packages. Another reason may be the implicit relationships among
classes that lack explicit structural connections.

In this thesis, we analyze an alternative approach to software modularization, aiming
to achieve two distinct goals. First, we examine whether using a hierarchy-based metric
(MDL) to guide the clustering algorithm yields solutions closer to those proposed by
software developers. We conducted a study that shows improvements relative to a purely
flat metric (MQ). Second, we extend the metric by considering inter-class distances
based on how often classes change together in version-control commits, capturing
implicit dependencies among classes in a software project. Likewise, we evaluate the
results against the solutions proposed by developers and demonstrate further
improvements over prior metrics. These results indicate that co-change relationships
extracted from commits are a relevant source of information for the SMC problem,
complementing the structural dependencies traditionally used to address it.

Keywords: Software Engineering, Software Modularization, Hierarchical Clustering.
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RESUMO

Antunes, Léo Carvalho Ramos. Modularização Hierárquica de Software baseada em
Busca. August, 2026. 160 f. Tese de Doutorado. Programa de Pós-Graduação em
Informática (PPGI), Universidade Federal do Estado do Rio de Janeiro (UNIRIO),
Rio de Janeiro.

Algoritmos de busca heurística têm sido aplicados em diversas áreas da Engenharia
de Software, como a priorização de requisitos, a melhoria da arquitetura de projetos de
software e o planejamento de tempo e custo de desenvolvimento dos projetos. O campo
de pesquisa da Engenharia de Software Baseada em Buscas (Search-based Software
Engineering, ou SBSE) propõe a utilização de técnicas de busca heurística para resolver
problemas de Engenharia de Software descritos sob uma perspectiva de otimização.

Um dos problemas frequentemente analisados segundo esta perspectiva é o da
Clusterização de Módulos de Software (CMS). Este problema lida com a distribuição de
módulos (ou classes) de um software entre estruturas maiores chamadas clusters (ou
pacotes). Uma boa distribuição das classes em pacotes tende a tornar o software mais
fácil de desenvolver e manter. Além disso, estudos práticos e experimentais mostraram
uma forte correlação entre distribuições ruins e a presença de falhas nos componentes.

A qualidade da distribuição de módulos de software em clusters é avaliada através de
métricas que quantificam as características desejadas (e.g. coesão e acoplamento). No
entanto, pesquisas mostram que otimizações baseadas em métricas que captam somente
características estruturais não resultam em uma distribuição adequada do ponto de vista
dos desenvolvedores de software. Duas razões que podem ter levado a resultados
insatisfatórios são: distribuições não hierárquicas de classes em pacotes e a
desconsideração de relacionamentos implícitos entre as classes do sistema.

Nesta tese, analisamos duas abordagens alternativas de clusterização. Primeiro,
avaliamos se o uso de uma métrica hierárquica (MDL) produz soluções mais próximas às
propostas pelos desenvolvedores. Realizamos um estudo que indica melhora em relação
à métrica puramente estrutural (MQ). Em segundo lugar, estendemos a métrica
considerando diferentes distâncias entre classes, com base na frequência com que elas
aparecem juntas em commits de sistemas de controle de versão – permitindo capturar
dependências implícitas entre elas. De igual modo, os resultados indicam melhora em
relação às métricas anteriores e que as relações de co-modificação extraídas dos commits
são uma fonte de informação relevante para o problema de CMS, complementar às
dependências estruturais tradicionalmente utilizadas.

Palavras-chave: Engenharia de Software, Modularização, Clusterização Hierárquica.
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1 INTRODUCTION

This chapter presents our research motivation and the problem to be
addressed. Furthermore, it highlights the research questions, expected
contributions, and methodology. Finally, it presents the thesis proposal
organization.

1.1 Context and motivation

Heuristic search algorithms have been applied in various areas of Software

Engineering, such as requirements prioritization (Bagnall et al., 2001; Durillo et al.,

2011; Xuan et al., 2012), software architecture improvement (Barros, 2014; Bowman

et al., 2010; Praditwong et al., 2011), and time and cost planning (Aguilar-Ruiz et al.,

2001; Antoniol et al., 2005; Burgess et al., 2001; Minku et al., 2013). Traditional search

techniques, such as brute force or branch-and-bound (Lawler et al., 1966), may be used

in some cases. However, as the addressed problems grow in size and complexity, a

search procedure based on the exhaustive examination of all possible solutions may

require too much processing power to find the optimal solution. Thus, using thorough

searches in some situations, such as those requiring quick decision-making responses or

the use of frequently updated data, becomes unfeasible.

The research field of Search-based Software Engineering (SBSE) (Arcuri et al.,

2011; Bate et al., 2011; Fraser et al., 2018; Harman; Jones, 2001) proposes the use of

heuristic search techniques to solve Software Engineering challenges, which are

described as optimization problems. These techniques are more efficient in terms of

processing power than traditional search, although they cannot be guaranteed to find

optimal solutions to the analyzed problem. In scenarios where a complete search is not

feasible, the goals of optimization techniques are relaxed, and the search seeks

1



reasonable (instead of optimal) solutions to the problem. Research has shown that this

approach is promising for various Software Engineering problems.

One of the challenges frequently analyzed from the SBSE perspective is the

Software Module Clustering (SMC) problem (Mitchell; Mancoridis, 2006). This

problem deals with the distribution of the modules comprising a software project among

larger structures called clusters. The modules considered in the organization of the

software project might include classes, methods, or variables. The relationships between

these modules represent the import of classes, the invocation of methods, or access to

variables. Clusters are groupings of modules and represent packages, namespaces, or

software subsystems. They are structures with a higher level of abstraction than software

modules. This manuscript assumes that object-oriented programming is used, modules

depict classes, and clusters denote packages. Dependencies between modules represent

either importing classes, calling methods, or accessing variables. The pairs of terms

module|class and cluster|package will be used for the same purpose in this manuscript.

A good distribution of classes into packages helps identify the classes responsible

for implementing a feature, supports navigation between software components, and

makes it easier to understand the software’s structure (Gibbs et al., 1990; Larman, 2001;

McConnell, 2004; Bavota; Gethers, et al., 2014). Therefore, a proper distribution of

classes into packages tends to make software development and maintenance easier. In

addition, practice and experimental studies have shown a strong correlation between

poor distributions of classes into packages and the presence of component failures

(Briand et al., 1999).

1.2 Problem characterization

The non-hierarchical SMC problem can be formally defined as follows. Given

a set N with n modules, N = {M1,M2,M3, ...,Mn}, the clustering problem consists of

obtaining a set C containing k clusters, C = {C1,C2, ...,Ck}, each holding a subset of N,

Ci = {m j|m j ∈ N}, such that C meets the following conditions:

2



∪k
i=1Ci = N (1.1)

Ci∩C j = /0 where 1≤ i, j ≤ k and i ̸= j (1.2)

Ci ̸= /0 where 1≤ i≤ k (1.3)

Definition 1.1 indicates that the union of all k clusters gives us the set N, i.e., the n

modules contained in N are distributed among k clusters in C. In addition, Definition 1.2

states there is no intersection between clusters, i.e., each module m belongs to one and

only one cluster. Finally, Definition 1.3 says there are no empty clusters, i.e., a cluster

needs to have at least one module. The non-hierarchical structure of a software system S,

with its modules and their relationships, is usually represented as a directed graph called a

Module Dependence Graph (MDG) (Mancoridis; Mitchell; Chen, et al., 1999). Formally,

MDG = ⟨N,R⟩, where N is the set of modules and R ⊆ N×N is the set of ordered pairs

⟨u,v⟩ that represent the dependencies between modules u and v.

Regarding computational complexity, the SMC problem is of the NP-Hard class

(Garey et al., 1979) and is a graph partitioning problem. Furthermore, when the number

of clusters into which the software modules may be distributed is unknown beforehand,

it represents a significant increase in the number of possible solutions compared to

clustering problems in which the number of clusters is given.

The quality of the distribution of software modules into clusters is evaluated

through metrics that quantify the desired characteristics. The most frequently used

metrics to assess the quality of distributions are coupling and cohesion (Yourdon et al.,

1979). Coupling measures the dependency between software modules (or the modules

within a cluster) within a system. At the same time, cohesion measures how much the

modules in a given cluster are dedicated to a single objective. Usually, coupling is

measured by the number of dependencies between modules belonging to different

clusters, while cohesion is calculated through the dependencies between modules
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belonging to the same cluster. In general, the goal of clustering is to distribute the

software modules into a given number of clusters to minimize coupling and maximize

cohesion, with the restriction that each module must belong to a single cluster.

Mitchell and Mancoridis (2006) defined the MQ (Modularization Quality) metric,

which attempts to balance the cohesion and coupling of clusters in a project to achieve a

cohesive structure that is simultaneously loosely coupled. Harman et al. (2005) proposed

the use of an alternative measure called EVM (EValuation Metric) (Tucker et al., 2001) for

the SMC problem. This metric focuses on the cohesion of clusters, assuming that a project

with cohesive clusters will have a relatively small number of dependencies between those

clusters.

In addition to coupling and cohesion, it is possible to cite other metrics used to

assess the quality of the distribution of modules in clusters, such as NAC (Numbers

Among Classes), EC (External Coupling), and ATMR (ATtributes to Methods Ratio)

(Simons et al., 2012), which assess the symmetry and elegance of the software,

rewarding a more uniform distribution of modules. Similarity metrics such as MoJo

(Tzerpos et al., 1999) and EdgeSim (Mitchell; Mancoridis, 2008) can also be used in

clustering. These metrics make it possible to compare different solutions proposed to the

same clustering problem, evaluating how close solution A is to solution B (considered

ideal) and thus making it possible to compare the effectiveness of different clustering

algorithms.

However, research shows that optimization based on metrics that capture only the

structural characteristics of a software project does not result in an adequate distribution of

modules into clusters from the point of view of software developers (Barros et al., 2015).

Such optimization frequently leads to a large number of clusters, each with a single or a

couple of strongly coupled modules. These clusters are usually connected through a dense

network of cross-cluster dependencies, which adds to the complexity of the distribution.

This behavior reflects how these metrics balance cohesion and coupling.

Minimizing coupling alone would lead to the trivial solution of a single cluster

containing all modules; therefore, metrics such as MQ combine both aspects in a single
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value. MQ sums the scores of all clusters, each depending on the ratio of dependencies

internal to the cluster to those crossing its boundaries (Section 2.3). Thus, MQ does not

directly minimize the total number of dependencies between clusters and may reward

solutions with many small clusters, each grouping a few strongly connected modules – a

behavior also observed in the experiments reported in Chapters 3 and 4. Multi-objective

formulations that treat cohesion, coupling, and other cluster properties as separate

objectives have also been proposed (Praditwong et al., 2011; Barros, 2012). Still,

optimization models based on these structural measures tend to produce designs that

developers would hardly accept (Barros et al., 2015). This suggests that the limitation

lies not only in how cohesion and coupling are combined, but in relying exclusively on

them, which motivates the alternative metric and the additional source of information

investigated in this thesis.

One of the reasons that might lead to such limited results is the search for

non-hierarchical distributions; that is, clusters can contain only modules. In such

distributions, clusters cannot contain other clusters. On the other hand, developers

commonly organize packages hierarchically, grouping related packages under broader

ones. In Java – the language of the systems analyzed in this thesis –, such nesting has no

semantics in itself: it is essentially a naming convention, and a sub-package has no

special access to the classes of its parent package, nor vice versa (Gosling et al., 2023).

Still, the hierarchy is reflected in package names, in the directory structure of the source

code, and in the way development environments present the system. Therefore, the

benefits expected from a hierarchical organization are cognitive rather than enforced by

the language: it may help developers navigate and understand the system by grouping

related packages into progressively broader concerns. Although this thesis does not

directly evaluate these benefits, they motivate our investigation of hierarchical

distributions of modules into clusters, which are compared with the hierarchical designs

adopted by developers in Chapters 3 and 4.

The representation of the SMC problem needs to be modified to cope with

hierarchical structures. For this purpose, Lutz (2001) proposed the Hierarchical Modular
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Decomposition (HMD) representation. Such a representation describes a given system S

as HMDS = ⟨TS,ES⟩, where TS is a module tree and ES is a collection of dependencies

between the modules. The leaf nodes in TS are the modules of S, and the “internal nodes”

in TS correspond to the clusters. Instead of conveying only modules, a cluster may

contain other clusters. ES is identical to the dependencies set R in the MDG

representation. Figure 2.1 shows an HMD and its module tree.

Figure 1.1: A HMD and its module tree (Lutz, 2001).

Wood (1998) developed a complexity measure for the hierarchical clustering of

software projects based on a message-passing metaphor called the Minimum Description

Length (MDL) principle. The metric makes no explicit mention of the concepts of

cohesion and coupling. Still, it aims to permit trade-offs between engineering attributes

(such as cohesion, coupling, and module size) to achieve a better structure in a

hierarchical framework. It assumes the best distribution of modules into clusters for a

software project is the “simplest” according to the MDL principle1.

Both MDGs and HMDs can contain weighted and unweighted edges. The studies

carried out in the context of this thesis are limited to unweighted edges, i.e., all the

dependencies have the same weight.

1 The MDL principle will be presented and discussed in Chapter 2.
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1.3 Objectives and research proposal

In this thesis, we analyze an alternative approach to software modularization,

aiming to achieve two different goals through a series of experimental studies.

First, we examine whether using a hierarchy-based metric to drive the clustering

process yields solutions closer to those proposed by software developers than traditional

non-hierarchical approaches. Most research on the SMC problem has focused on

non-hierarchical solutions (where packages can contain only classes, not other packages)

optimized using metrics such as Modularization Quality (MQ). We hypothesize that an

optimization driven by a hierarchical complexity metric, specifically the Minimum

Description Length (MDL) principle, will generate decompositions that better reflect the

hierarchical organization patterns used by developers. A study has been conducted to

test this hypothesis, and the results are presented in Chapter 3.

Second, we aim to extend the data used by the clustering algorithm beyond

purely structural information by incorporating data from the software’s change history.

Structural dependencies — such as method calls, class imports, or attribute access —

represent only one dimension of the relationships between classes. Developers often

group classes not solely because they have direct structural dependencies, but because

they are conceptually related and work together to implement a common feature or

functionality. When developers implement a new feature or fix a bug, they typically

modify all related classes together in a single transaction, known as a commit in version

control systems. By analyzing which classes are consistently modified together over time

across the project’s commit history, we can infer implicit relationships2 between them.

We then enhance our hierarchical clustering algorithm by enriching the

dependency graph with edges derived from the project’s change history. This allows the

optimization process to be guided not only by the code’s static structure but also by

information extracted from how developers have modified related parts of the system

over time. We hypothesize that this hybrid approach – combining structural

2 Implicit relationships: relationships that exist in the developers’ mental model of the system but are not
captured by static structural analysis alone.
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dependencies with data obtained from the project’s change history – will produce

hierarchical decompositions that more closely approximate the developers’ reference

architecture. The results of this approach are evaluated against the developers’

decompositions and presented in Chapter 4.

1.4 Research questions

Following the objectives stated above, the questions that guide this research are:

• RQ1: Does using a hierarchical-based representation and metric to guide the

search for solutions to the SMC problem improve the generated solutions

compared to non-hierarchical approaches?

Description: We aim to answer this question by comparing the results of

hierarchical clustering guided by the MDL metric with non-hierarchical

approaches guided by the MQ metric. In both cases, the algorithms receive only

the classes of the system and the structural dependencies among them, without any

information about the packages defined by the developers: the search starts from a

solution in which each class is placed in its own cluster (Section 3.2), so the

packages are built from scratch. We then compare the resulting decompositions

with the developers’ original decomposition (DEV ), which serves as a reference

for evaluation but is never provided to the algorithms. The comparison is

performed across multiple dimensions. First, we examine structural characteristics

of the generated decompositions, such as the number of packages, the average

number of classes per package, and the maximum depth of the package hierarchy.

Second, we evaluate how well the generated solutions match the organization

created by the developers using similarity metrics such as MoJoFM. Third, we

analyze how the different decompositions relate to the project’s change history by

measuring indicators such as the percentage of commits that modify classes within

a single package and the average number of packages affected per commit.

Through these comparisons, we seek to understand whether hierarchical clustering
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can better approximate the decisions and organizational criteria that developers

apply when structuring complex software systems.

• RQ2: Does incorporating data from the software’s change history to capture

implicit relationships between classes improve the quality of hierarchical software

decompositions?

Description: After establishing the benefits of hierarchical clustering in RQ1, we

investigate whether enriching the optimization process with information from the

project’s change history produces solutions that are even more aligned with

developers’ architectural decisions. We introduce the Commit Relation Graph

(CRG) to model relationships between classes based on how they have been

modified together across commits. As in RQ1, the algorithm receives no

information about the packages defined by the developers; beyond structural

dependencies, it receives only relationships derived from the project’s commit

history. We then evaluate whether this hybrid approach—combining structural

dependency information with data obtained from the project’s change

history—generates decompositions that more closely approximate the reference

architecture than those based solely on structural dependencies. The evaluation is

performed using tree edit distance metrics, which are specifically designed to

compare hierarchical structures, and by examining how the generated

decompositions relate to the modification records present in the project’s change

history.

1.5 Contributions

As part of this study, software artifacts and experimental analyses were produced.

All created content is available for future research. We believe we have achieved the

following contributions:

• A hierarchical clustering algorithm guided by the MDL principle: Co-change

relationships as a relevant source of information for SMC. Empirical evidence that
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the relationships between classes revealed by joint commits – that is, classes

frequently modified together – complement the static structural dependencies

traditionally used to address the SMC problem. When incorporated into the

hierarchical MDL-based optimization, these relationships brought the generated

decompositions closer to those proposed by the developers of 21 sub-modules

from ten open-source systems, with statistically significant differences relative to

the purely structural approach. While co-change (or logical) coupling has long

been studied in software evolution research (GALL et al., 1998; ZIMMERMANN

et al., 2005), this thesis provides evidence of its relevance to the search for

hierarchical software decompositions;

• A hierarchical clustering algorithm guided by the MDL principle:

Implementation and adaptation of a Hierarchical Agglomerative Clustering (HAC)

algorithm that produces hierarchical decompositions of software systems, using

the MDL complexity metric as the fitness function. This includes modifications to

the standard HAC algorithm to enable the creation of nested package structures

rather than flat partitions;

• The Commit Relation Graph (CRG) model: Introduction of a new

representation for software projects that captures relationships between classes

based on how they are modified together in the project’s change history. This

includes the mathematical formulation for computing relationship weights using

the Jaccard similarity coefficient, as well as an efficient data structure for storing

and accessing this information;

• A hybrid hierarchical clustering approach: Integration of the CRG model into

the MDL-based hierarchical clustering algorithm, creating a method that considers

both the structural dependencies extracted from static code analysis and the

relationships inferred from how classes are modified together in the project’s

change history;
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• Visualization tools: Implementation of visualization tools to graphically display

hierarchical distributions produced by our optimization approach in the form of

directed dependency graphs, enabling visual comparisons between different

solutions and facilitating the identification of structural patterns and differences;

• Comprehensive experimental evaluation: Analysis and comparison of

optimization results against solutions from other approaches and, most

importantly, against the original decompositions created by software developers

across multiple real-world software systems. This includes the collection and

analysis of various metrics spanning structural characteristics, similarity measures,

and indicators derived from the project’s change history;

• Public dataset and replication package: All source code for the implemented

algorithms, experimental data, including the software systems used as instances,

collected metrics, and detailed instructions for replicating the studies, are publicly

available in a repository to support future research and enable independent

verification of the results3.

1.6 Research methodology

The methodology adopted in this research comprises a five-step process. It begins

with the definition of the research topic, problem characterization, research objectives,

research questions that will be analyzed, and the methodology that will be applied in this

analysis. These items are reported in this introduction and guide the development of the

rest of the thesis.

After the initial definitions, we conducted a literature review of available

approaches to software module clustering – both hierarchical and non-hierarchical – to

establish the knowledge foundation needed to proceed with the research. This review

prioritized publications on hierarchical clustering algorithms and their fitness functions,

with particular attention to information-theoretic approaches, such as the MDL principle.

3 Link to the repo: https://github.com/leocrantunes/hierarchical-smc
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We also reviewed techniques for analyzing software repositories and extracting

information from version control systems. The literature review was essential for

identifying current gaps in the research area, understanding the limitations of existing

approaches, and establishing the theoretical foundation for the proposed solutions. The

findings from this review are presented in Chapter 2.

With the information gathered from the literature, the solution development was

planned. This involved several key activities: (i) selecting software systems to be used as

problem instances in the experiments; (ii) defining the required programming languages

and libraries for implementation; (iii) developing an adapted Hierarchical Agglomerative

Clustering (HAC) algorithm; (iv) implementing the MDL complexity metric for

evaluating hierarchical decompositions; (v) developing mechanisms for extracting

commit history data from Git repositories and constructing the Commit Relation Graph

(CRG); (vi) implementing the integration between the CRG model and the hierarchical

clustering algorithm; and (vii) creating the infrastructure necessary to execute the

clustering algorithms systematically.

The proposed approaches are evaluated through controlled experiments and

statistical analysis conducted in two sequential studies. In the first study, presented in

Chapter 3, we compare the hierarchical MDL-based approach against a non-hierarchical

MQ-based baseline across ten software systems or sub-modules extracted from larger

systems. In the second study, presented in Chapter 4, we extend the evaluation to a larger

set of 21 software systems or sub-modules and compare five different approaches: the

non-hierarchical MQ baseline, the purely structural MDL approach (from Study 1), and

three variants of the CRG-enhanced approach.

Finally, the data generated from the experiments are analyzed using descriptive

statistics and correlation analysis. The results are presented through tables, graphs, and

visualizations of the generated hierarchical structures. The conclusion summarizes

findings, discusses limitations and threats to validity, and presents directions for future

work.
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1.7 Thesis organization

This thesis is organized into five chapters. Chapter 1 presents this introduction,

including the problem definition, motivation, objectives, research questions,

contributions, and methodology.

Chapter 2 presents the theoretical foundation for understanding the MDL

principle, including an introduction to information theory and Kolmogorov complexity.

It also reviews related work on non-hierarchical clustering approaches (focusing on local

search and metaheuristics), hierarchical clustering approaches (including the

foundational work by Wood and Lutz), and alternative techniques proposed for software

modularization. The chapter concludes by identifying the gaps in the literature that this

thesis aims to address.

Chapter 3 presents an experimental study evaluating a hierarchical clustering

algorithm guided by the MDL metric. The chapter describes the adaptation of the

Hierarchical Agglomerative Clustering algorithm for producing hierarchical structures,

details the experimental design, the selection of software systems used as instances, and

compares the results against a non-hierarchical baseline guided by the MQ metric and

against the distributions proposed by software developers. Multiple metrics are analyzed,

and visual comparisons of the generated structures are provided.

Chapter 4 introduces the core contribution of this thesis: the use of co-change

relationships between classes, modeled by the Commit Relation Graph (CRG), to guide

search-based hierarchical software clustering, and the evidence that these relationships

are relevant to the SMC problem. The chapter begins by motivating the need to go

beyond structural dependencies, then details the construction of the CRG from commit

history data, explains its integration into the MDL-based clustering algorithm via a

threshold-based approach, and presents a comprehensive quantitative evaluation

demonstrating improvements over the purely structural baseline. The experimental study

conducted to support the evaluation uses tree edit distance as the primary metric for

comparing hierarchical structures and analyzes the results across 21 software systems.
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Finally, Chapter 5 presents the conclusions, summarizes the main contributions of

this research in addressing the identified research questions, discusses threats to validity

and the limitations of the proposed approach, and suggests directions for future work that

build upon the foundations established in this thesis.
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2 BACKGROUND AND RELATED WORK

This chapter presents a theoretical foundation on information theory
and a literature review on work related to non-hierarchical,
hierarchical, and semantic (including LLM-based) software module
clustering approaches. Finally, it states the gaps this research aims to
fill.

2.1 Information Theory

Before presenting formal definitions, it is worth summarizing the intuition behind

this section. The metric used in this thesis to guide the clustering process, proposed

by Wood (1998), is based on the idea that a good distribution of classes into packages

allows the system’s dependencies to be described concisely. Imagine that we must send

the dependency graph of a system to someone, bit by bit. If classes that depend on each

other are grouped into the same package, most dependencies can be described by referring

only to the few classes of that package, which requires short codes. If, on the contrary,

dependencies are scattered across packages, many of them require longer descriptions.

At the same time, each package has a cost, since its existence and contents must also

be described. The Minimum Description Length (MDL) principle formalizes this trade-

off: the best organization is the one that minimizes the total length of the description –

the packages plus the dependencies described with their help. The following subsections

present the concepts from Information Theory needed to compute this length.

In conversational language, we identify information about an individual object as

a set of descriptions of its characteristics. We can formalize this concept computationally

by defining the amount of information required to describe a finite object (such as a string)

as the size of the smallest program (in bits) that, starting with a blank memory, outputs the

object and then terminates. This concept of handling the quantity of information needed to
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describe an individual object is called “Algorithmic Information Theory” or “Kolmogorov

Complexity” (Li et al., 1990).

Kolmogorov Complexity is related to Shannon’s classical information theory

(Shannon, 1948), which quantifies the information needed to transmit messages drawn

from a set of possible messages with known probabilities: if all messages are equally

probable, this quantity is the number of bits needed to distinguish each message from the

others. Kolmogorov Complexity, in turn, applies to individual objects and does not

require such probabilities. However, it cannot be used directly in practice, since the

length of the smallest program that outputs a given object is not computable.

Rissanen (1978) proposed the Minimum Description Length (MDL) principle to

cope with such a limitation. According to Li and Vitányi (1990), the Minimum

Description Length principle states that the best theory to explain a set of data is the one

that minimizes the sum of the length, in bits, of the description of the theory and the

length, in bits, of the data when encoded with the help of this theory. Given some data D,

the MDL principle states that we should pick the theory T that minimizes Equation 2.1,

where length(T ) is the number of bits needed to minimally encode the theory T and

length(D|T ) is the number of bits needed to minimally encode the data D given the

theory T . We must be able to decode the message; otherwise, a single bit would be

enough.

length(T ) + length(D|T ) (2.1)

The Kolmogorov Complexity KC of an object x can be defined as the length of the

minimum message describing x, in bits, as in Equation 2.2. In practice, it is impossible

to enumerate all possible theories, so a theory to describe an object of interest must be

determined around the data to be transmitted in a message.

KC(x)∼min
i

length(xi) (2.2)

16



2.1.1 The MDL principle and software module clustering

While applying the MDL principle to address the SMC problem, Wood (1998)

proposed a theory to describe a graph representing the design of a software system. In

this graph, nodes represent the modules that convey parts of the implementation of the

software system, and edges represent dependencies among these modules. Each module

is represented by a unique identifier (a positive integer) and each edge is represented by a

pair of positive integers representing, respectively, the identifiers of the source and target

modules of the dependency.

The modularization technique proposed by Wood (1998) considers the need to

communicate the graph structure between a transmitter and a receiver along a perfect

transmission medium. In other words, the receiver receives exactly what is transmitted

without errors, data duplication, or data loss. The receiver must be able to recreate an

equivalent graph from the received message, plus know the message’s structure.

In the context of this thesis, the message describes a candidate decomposition –

its packages and the dependencies among its classes –, and its length in bits measures the

complexity of that decomposition: the shorter the message, the simpler the

decomposition.

Part of Wood’s theory for describing the design of a software system requires a

way of transmitting positive integers between a message’s sender and receiver and those

transmitted positive integers must be uniquely decodable1. Because the end of each

integer representation cannot be detected in a sequence of bits, sending just the integer’s

binary representation is insufficient for decoding. Thus, the length of the binary

representation is sent as extra information.

Information about the length is encoded using a prefix scheme2 so that the end of

the length field can be unambiguously detected. This is done by doubling up each digit of

the length field and adding a single bit (0) at the end of the length field. This sentinel can

1 A code is uniquely decodable if, for each source sequence of finite length, the sequence of code letters
does not coincide with the sequence of code letters for any other source sequence (Wood, 1998).

2 Prefix condition code is one in which no code word is the prefix of any other code word (Wood, 1998).
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be detected since the binary representation of all positive integers starts with 1. Hence, the

end of the length field is uniquely terminated by the sequence “01”, which cannot occur

whilst doubling up the length’s binary digits.

For example, consider the transmission of the integer 2710, which has a binary

code of 110112. The length of the binary code for this number is 510, which in turn has a

binary code of 1012. Therefore, 2710 can be transmitted as:

2710 ∼= 11 00 11︸ ︷︷ ︸
length doubled up

0︸︷︷︸
extra bit

11011︸ ︷︷ ︸
integer

(2.3)

This concept of prefixing an integer by its length can be continually applied by

prefixing the length with its length and so on until achieving a length of exactly one bit.

An integer n is represented by the code sequence in Equation 2.4.

L∗n = log2 n + log2 log2 n + log2 log2 log2 n + . . . (2.4)

The logarithm sequence terminates when log2(. . . log2 x) becomes less than zero.

Using Kraft’s Theorem (Jones, 1979, p. 48), the lower bound on the length of a code

for a given integer, represented by log∗2 n, is given by Equation 2.5. We can note that

log∗2 27∼= 9.918 bits compares favorably to the 12 bits observed in Equation 2.3.

log∗2 n = L∗n + log2 2.865064 (2.5)

Such integers are needed because the message must state, for instance, how many

classes, sub-packages, and dependencies each package contains. As Equation 2.4 shows,

the cost of transmitting an integer grows only logarithmically with its value, but every

package adds a few of these integers to the message – a fixed cost that penalizes the

creation of unnecessary packages (Section 2.1.3).

2.1.2 Length of Code Words with Known Probabilities

To represent a message describing the structure of a graph, Wood proposed using

the details of its edges. For a message describing a graph, this can be achieved by
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determining the a priori probability of a node being chosen at random from the node

sequence describing the graph. Let such a node be ni and Pr ni be the probability of ni

being selected from the node sequence. To estimate the minimum message length for

such a node sequence, the author considers that the message length of a sequence of

symbols chosen from a fixed finite alphabet is equal to the sum of the corresponding

length for each symbol (Equation 2.6).

length(s1 . . .sn) = ∑
i

length si (2.6)

Hence, each symbol’s length needs to be estimated. Shannon (1948) showed that

the minimum description length of a symbol drawn from a finite alphabet can be estimated

by − log2(Pr si)
3, where Pr si is the probability of symbol si occurring in a message.

For instance, consider the message aabab consisting of two distinct symbols, a and

b. The message has a total of five symbols, hence Pr a = 3
5 and Pr b = 2

5 ; since a occurs

three times and b occurs twice. Hence, the minimum length for representing a is 0.74 bits,

and b has a minimum length representation of 1.32 bits. Thus, the minimum length for

this message is 3× 0.74 + 2× 1.32 = 4.86 bits. Observe that if we had encoded a and

b using the obvious code of a = 0 and b = 1, the length would have been 5×1 = 5 bits.

This length is greater than Shannon’s minimum message length.

In our context, the symbols are the classes (and sub-packages) that appear as

endpoints of dependencies: classes involved in many dependencies behave as frequent

symbols and receive shorter codes. Moreover, the fewer the symbols among which an

endpoint must be identified – for instance, the classes of a small package –, the fewer

bits are needed.

To estimate the minimum message length of a graph’s edge description, each edge

(ne1 ,ne2) requires as many bits as prescribed by Equation 2.7, where ne1 is the identifier

of the module that is the source of the dependency represented by the edge and ne2 is

the module acting as target for this dependency. The negative sign on the left side of the

3 The negative sign implies that the function decreases as the probability of the occurrence increases
(Shannon, 1948).
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equation is due to adding the logarithms of probabilities, which are defined in the [0,1]

range, and often will have negative logarithms.

−∑(log2(Pr ne1) + log2(Pr ne2)) (2.7)

2.1.3 Ψ: The Complexity of a Design Graph

Wood (1998) proposes that the length of a message describing all edges of a graph

is a measure of the structural complexity of the graph and that a smaller message length

indicates a simpler graph. Subsequently, a simpler graph represents a better design and,

therefore, a better distribution of the software modules into clusters. The author proposed

the message depicted in Equation 2.8 to represent a hierarchical graph.

object_description = object_id +

|nodes| +

|ob jects| {object1, . . . ,objectm} +

|edges| {edge1, . . . ,edgee}

point = {ob ject_id} ∗ basic_entity_id

edge = point1 − point2

(2.8)

In the description message above, |x| encodes the cardinality of the related set x,

e.g. |nodes| represents the number of nodes contained in a particular object (or cluster).

The symbols ‘+’, ‘−’, ‘{’, and ‘}’ are not part of the message but were added to facilitate

the comprehension of the message’s structure. The symbol ‘+’ represents concatenation,

‘∗’ indicates a (possibly empty) repeating set, and ‘−’ denotes a relationship.

The length of the message describing a graph representing the structure of a

software’s design using this encoding (Ψ) is calculated by Equation 2.9, whereM is the

set of all clusters, Nm is the number of sub-clusters and modules within cluster m, N
′
m is

the number of sub-clusters within cluster m (Nm ≥ N
′
m), Em is the number of edges

described in cluster m, and Nm is the set of sub-clusters and modules within cluster m
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(Nm = |Nm|). fn is the frequency of module or cluster n in cluster m, which for modules

is given by the degree4 of the corresponding module, and for clusters, is the sum of the

degrees of the child sub-clusters and modules plus 1 and then Fn = ∑n fn.

Ψ = ∑
m∈M

(
log∗2 (Nm +1)+ log∗2 (N

′
m +1)+ log∗2 (Em +1)− f requenciesm +Em

)
+1 (2.9)

f requenciesm = ∑
n∈Nm

fn× log2

(
fn

Fn

)
(2.10)

In words, Equation 2.9 adds, for each package m of the decomposition: (i) the

cost of stating how many elements (classes and sub-packages), sub-packages, and

dependencies m contains – the three log∗2 terms –; (ii) the cost of identifying the

endpoints of the dependencies described in m, which depends on the frequencies of its

classes and sub-packages (Equation 2.10); and (iii) one bit per dependency. The first part

plays the role of length(T ) in Equation 2.1, as it describes the decomposition itself and

grows with the number of packages. The other two parts play the role of length(D|T ), as

they describe the dependencies given the decomposition, and become shorter when

classes that depend on each other are grouped. Therefore, creating a package reduces Ψ

only if the savings in describing the dependencies it concentrates outweigh the cost of

describing the package itself.

The complexity measure was theoretically validated against Weyuker’s principles

(1988), which define standard properties for complexity measures. A tool has been

developed on top of the metric to take an existing design and find a “simpler” alternative

according to the MDL principle. The approach used a narrow beam hill-climbing driven

by the defined complexity measure search strategy to look for less complex designs.

Initial empirical validation showed potential, even though have evidenced some

weaknesses for a small example. One of the metric weaknesses mentioned was the lack

of knowledge about the nature and use of links, e.g., not differentiating inbound from

4 An edge, (ni,n j), is said to be incident from module ni and incident to module n j. The sum of the number
of edges incident to and from a module is called the degree of the module (Wood, 1998).
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outbound links or giving different weights for different data types. Also, the proposal did

not cover a mechanism to reduce the search space and discard “unsatisfactory” changes to

the design, leading to poor performance. The proposed approach improved the system’s

complexity by about 20 percent for a slightly more complex example.

2.2 Formal Representation of Hierarchical Decompositions

The transition from flat partitions to nested software architectures requires a

fundamental shift in how software systems are represented. As presented in Section 1.2,

traditional approaches to the Software Module Clustering (SMC) problem represent a

system S as a directed Module Dependency Graph (MDG), denoted as MDG = ⟨N,R⟩,
where N is the set of modules and R ⊆ N × N represents the set of structural

dependencies. While the MDG is effective for non-hierarchical clustering, it is

inherently limited as it cannot represent the nested organizational structures found in

modern software projects.

Figure 2.1: A HMD and its module tree (Lutz, 2001).

To address this limitation, we adopt the Hierarchical Modular Decomposition

(HMD) representation, as proposed by Lutz (2001). This representation extends the

formalization of a hierarchical graph by Wood (1998), as detailed in the previous section

(Section 2.1.3). Figure 2.1 shows an HMD and its module tree. In this model, the system

S is no longer viewed as a simple graph but as a structural pair that couples its
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organization with its internal dependencies. Formally, an HMD for a system S is

described as a tuple HMDS = ⟨TS,ES⟩ where:

• TS (Module Tree): An ordered and labeled tree that defines the hierarchical

membership of the system.

– The leaf nodes of TS correspond to the set of modules N (e.g., Java classes);

– The internal nodes of TS correspond to the clusters or subsystems;

– Unlike flat representations, an internal node in TS may contain either leaf

modules or other internal nodes, allowing for an arbitrary depth of hierarchy.

• ES (Dependencies): A collection of directed dependencies between the modules.

In the baseline structural model, ES is equivalent to the dependency set R used in

the MDG representation.

By adopting the HMD representation, the search algorithm explores a

significantly more expansive solution space than that of non-hierarchical clustering.

While traditional structural clustering focuses exclusively on partitioning modules into

flat, disjoint sets, the HMD-based approach allows for the discovery and optimization of

the entire parent-child relationship structure of the system. Throughout the search

process, the optimizer evaluates each candidate decomposition using the complexity

metric Ψ (defined in Equation 2.9) as its fitness function. The optimization objective is

thus to identify the tree structure T ∗ that minimizes this complexity measure:

T ∗ = argmin
T

Ψ(TS,ES) (2.11)

For the remainder of this Thesis, an optimization driven by MDL or an MDL-

based optimization means an optimization based on the MDL principle and, thus, guided

by the Ψ metric.

In practice, considering packages as a hierarchy has consequences at two levels.

For the SMC problem, a solution is no longer a partition but a tree, which lets us express
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that two packages are more closely related to each other than to the remaining ones by

placing them under a common parent package. A dependency between classes in sibling

packages then crosses the boundaries of each sibling but remains internal to their parent

– a distinction that flat partitions cannot represent and that Ψ takes into account, since

it describes the dependencies at each level of the tree (Section 2.1.3). The evaluation is

affected as well: comparing a hierarchical solution with the developers’ decomposition

requires metrics that consider the nesting of packages, such as the tree edit distance used

in Chapter 4. For programming languages, the meaning of this nesting varies. In Java,

nested packages are independent from the compiler’s point of view (Section 1.2), whereas

other languages attach semantics to it. In Rust, a private item may be accessed by the

module where it is declared and by its descendant modules5; in Go, a package located

under a directory named internal can only be imported by code within the tree rooted at

the parent of that directory6; and in Python, importing a subpackage implicitly initializes

its parent package, to which the subpackage is bound as an attribute7. Since the systems

analyzed in this thesis are written in Java, the benefits of the hierarchy considered here

are those related to the organization and comprehension of the system.

2.3 Non-hierarchical Software Module Clustering Techniques

Among the experiments performed on the SMC problem, those carried out by the

Drexel University group stand out (Doval et al., 1999; Mancoridis; Mitchell; Rorres, et

al., 1998). In several comparative experiments (Doval et al., 1999; Harman; Hierons, et

al., 2002; Mitchell; Mancoridis, 2002), the results obtained by a local search algorithm

using the Random Restart Hill Climbing technique were superior to those found by more

complex metaheuristics, such as Genetic Algorithms and Simulated Annealing, using the

same number of solution evaluations as a stopping criterion.

Based on these results, the Drexel University group developed a tool called

Bunch (Mitchell, 2002; Mancoridis; Mitchell; Chen, et al., 1999) that allows selecting

5 https://doc.rust-lang.org/reference/visibility-and-privacy.html
6 https://pkg.go.dev/cmd/go (section “Internal Directories”).
7 https://docs.python.org/3/reference/import.html
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between local search, a heuristic based on Simulated Annealing, and Genetic

Algorithms. The Hill Climbing local search is performed for each solution from a set of

randomly generated initial solutions. The number of random solutions to be generated is

a configurable parameter in the tool. The neighborhood relationship used by the local

search is the movement of a module from one cluster to another. Configuring the

minimum number of neighboring solutions to be evaluated is also possible. For n = 0%,

the search proceeds from the first neighbor that represents an improved solution in

comparison to the best-known solution so far; for n = 100%, it examines all neighbors

and proceeds from the one that yielded the best solution among them.

Another technique used to improve clustering in the Bunch tool is the

identification of “omnipresent” modules. Omnipresent modules act as libraries or

drivers, providing or consuming services from various subsystems in the application.

The principle is that “omnipresent” modules should not be considered in clustering

because they obscure the structure of the software. These modules are identified in the

tool by a separate feature (Omnipresent Module Calculator) and separated into three

categories: clients, suppliers, and clients & suppliers. A module is considered

“omnipresent” if it contains three times as many dependencies as a typical module or

more. After automatic identification by the tool, users can edit the list of modules,

adding or removing omnipresent modules. The omnipresent modules will constitute

separate subsystems (clusters) in the application.

The fitness function used in the Bunch tool is the Modularization Quality (MQ)

metric, proposed by Mitchell and Mancoridis (2002; 2006; 2008). The MQ function

considers a balance between cohesion and coupling, rewarding clusters containing

modules having many dependencies with other modules in the same cluster and

penalizing those having many dependencies with modules residing in different clusters.

MQ is calculated by adding up a Cluster Factor (CF) of each cluster in the software.

Below is the formula for the MQ function, where k is the number of clusters, ai is the

number of dependencies between modules within cluster Ci, and bi is the number of

dependencies that cross the boundaries of cluster Ci.
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MQ =
k

∑
i=1

CF(Ci) (2.12)

CF(Ci) =


0 if ai = 0

ai

ai +
bi

2

if ai > 0
(2.13)

It should be noted that the same authors later modified the original MQ function

(Doval et al., 1999). Mitchell et al. (2002) called the original MQ function “Basic MQ”

and the reformulation “Turbo MQ”. In later works, the authors referred to the

reformulated MQ function simply as MQ. According to Mitchell, the reformulation

supported weighted MDG graphs and was much faster to calculate than Basic MQ. The

Turbo MQ function was used in this thesis and, as in related work on SMC, will be

referred to simply as MQ. Mitchell et al. (2002) also proposed optimizing the calculation

of the MQ function in the context of a local search in which a solution is modified by

moving a single module from one cluster to another. After such a movement, instead of

calculating the sum of cluster factors for all clusters, the MQ function value is updated

by the difference resulting from the cluster factors of the clusters modified by the

movement of the module. He called this proposal Incremental Turbo MQ (ITurboMQ).

Mitchell and Mancoridis (2001) conducted a study comparing four similarity

measures. Among the measures compared, two have been used in previous studies

(MoJo and precision) and two were proposed by the authors (EdgeSim and MeCl). MoJo

is based on the number of cluster “Moves and Joins” required to transform a distribution

of modules into clusters into another such distribution. The Precision/Recall measure

(Anquetil et al., 1999) is based on pairs of clusters in the same cluster. EdgeSim uses

both the position of the modules in the clusters and the dependencies between modules

to calculate similarity. Merge Clusters (MeCl) calculates the distance between two

distributions by dividing and joining the clusters needed to reproduce a solution. Among

the results presented by Mitchell and Mancoridis (Mitchell; Mancoridis, 2001) were: i)
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the four measures behaved consistently across the ten instances examined; ii) removing

the omnipresent modules improved the similarity measures (on average 12.4%

improvement for Precision/Recall, 9.7% for MoJo, 13.6% for EdgeSim, and 7.3% for

MeCl); and iii) the EdgeSim and MeCl measures, which unlike the other approaches

consider the dependencies between modules, obtained less variable results than the

MoJo and Precision/Recall measures.

Wen and Tzerpos (2004) proposed the MoJoFM (MoJo eFfectiveness Measure)

to correct some of MoJo’s shortcomings. The shortcomings mentioned were: i) the

original algorithm for calculating MoJo could be improved (Wen et al., 2003); ii) it is a

non-symmetrical measure, so the number of moves and joins to transform solution A

into B is different from the number to transform B into A; and iii) MoJoFM proposes a

normalized and more accurate measure than MoJo. MoJoFM is calculated using the

Formula 2.14, where A and B are two partitions. mno(A,B) is the minimum number of

moves or joins in transforming partition A into partition B, and max(mno(A,B)) is the

maximum possible distance to transform partition A into partition B. The results

indicated improved performance over MoJo and that the new metric can be used to

evaluate software clustering algorithms.

MoJoFM(A,B) = 1− mno(A,B)
max(mno(A,B))

(2.14)

Mahdavi et al. (2003) presented an improvement on the local search algorithm of

the Bunch tool (Mancoridis; Mitchell; Chen, et al., 1999). In the initial phase, a set of

executions of the local search algorithm is carried out. In this phase, a partial solution is

constructed by setting the modules that share the same cluster to α% of the solutions,

where α is a parameter defined in the range between 10% and 100%. In the second

phase, new algorithm runs are performed on a smaller search space once some modules

have defined their clusters in the first phase. The results of the experimental studies

indicated that more sophisticated search techniques and combinations of hybrid

techniques are promising tools for tackling complex problems such as SMC.
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Another work that used a local search was the comparative study conducted by

Harman and Swift (2005). The authors compared the MQ fitness function with a function

called EVM (Tucker et al., 2001). They evaluated both fitness functions in terms of their

ability to generate consistent distributions of modules into clusters in noisy scenarios.

The intention was to assess which functions can deal with dependencies that have been

improperly added or not removed during software evolution. The term “noise” was used

to characterize this legacy of dependencies, randomly generated in the instances before

being submitted to the clustering process.

The authors concluded that the EVM function is more robust in terms of the

introduction of noise in the graph representing the software, although MQ is also

relatively robust. The EVM function also has the characteristic of not distinguishing

between weighted and unweighted MDG graphs. The differences between the two

functions (MQ and EVM) also decreased as the graphs extracted from real applications

increased in size. Studies were carried out with three classes of graphs: extracted from

real applications, randomly constructed, and “perfect” graphs, which were built

automatically. Perfect graphs consist of graphs for which the best clustering is known

and are built so that the clusters have sequentially increasing sizes, with fully connected

modules within the clusters and no dependencies on modules from other clusters.

Comparisons were made with perfect graphs with up to 100 modules. Noise in the

graphs was simulated by mutating some of the edges. A mutation of x% in a graph

means an edge has been added or removed for x% of the pairs of nodes.

Another comparative experiment involving genetic algorithms for the SMC

problem was presented by Praditwong (2011), which used a crossover operator adapted

for the SMC problem. The proposed adaptation combines the ideas of genetic operators

used in clustering problems, such as the BPRX (Bin Packing Crossover with

Replacement) proposed by Falkenauer (1996), with a new chromosome representation

proposed by Harman et al. (2002). The results of the study indicated that the genetic

algorithm using the grouping representation (Grouping Genetic Algorithm) produces

better solutions than the solutions obtained with the predominantly used representation
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(Grouping Number Encoding), in which each index of the chromosome represents the

module and the contents represent the cluster that contains the module.

Praditwong et al. (2011) formulated the SMC problem as a multi-objective

search problem. Instead of capturing cohesion and coupling in a single fitness function,

as MQ does, their formulations represent several objectives separately. The authors

proposed two formulations, the Maximizing Cluster Approach (MCA) and the

Equal-size Cluster Approach (ECA), which share four objectives – cohesion

(intra-cluster edges), coupling (inter-cluster edges), number of clusters, and MQ – and

differ in a fifth one: MCA minimizes the number of isolated clusters, whereas ECA

minimizes the difference between the sizes of the largest and the smallest clusters. Using

a two-archive genetic algorithm on 17 real-world systems, they found better solutions

than the single-objective approach, although at a higher computational cost. Later,

Barros (2012) showed that removing composite objectives such as MQ from the ECA

formulation allows a multi-objective genetic algorithm to find better solutions using less

processing time.

Dias et al. (2003) presented seven adapted versions of the traditional genetic

algorithm (Doval et al., 1999) to increase the performance and improve the quality of the

solutions obtained for the problem of partitioning unweighted graphs. These adaptations

were evaluated through experimental studies using artificially generated instances and

the Basic MQ fitness function. The authors did not relate the studies to the SMC

problem, although the underlying representation is the same.

Another comparative experiment aimed at increasing the performance of

traditional genetic algorithms was presented by Botelho et al. (2011). The authors

compared different genetic algorithms using the path reconnection technique (Glover

et al., 2003), a local search procedure, and a constructive method for generating the

initial population, which considers the edges’ weights instead of randomly generating

initial solutions. The results indicated that the adaptations using the additional local

search procedure are superior to the versions using path reconnection and the

constructive process.
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One study that took a different approach to the evolutionary algorithms mentioned

so far was carried out by Semaan et al. (2011). The authors proposed using the Iterated

Local Search (ILS) metaheuristic to solve the SMC problem in object-oriented systems. It

differs from the SMC problem presented here by treating weighted graphs and evaluating

the results using the original MQ function (Doval et al., 1999).

In Semaan et al.’s proposal, the metaheuristic used three randomly selected

perturbation procedures: (a) random migration, on which each module has a probability

of migrating to another cluster; (b) explosion, on which a cluster is selected at random,

and each of its modules forms a new cluster; and (c) split, on which a cluster is randomly

selected and its modules are divided into two new clusters.

The authors used ten artificial instances with 10 to 100 vertices. The proposed

ILS-based algorithm obtained better results, reaching the average fitness obtained from

results in the literature (Botelho et al., 2011; Semaan et al., 2007) in less time than the

best genetic algorithm of Botelho et al. (2011), which used the single-point crossover

operator and a local search procedure.

Amoui et al. (2010) addressed the SMC problem by representing the

reorganization of software in the form of design patterns (Gamma et al., 1995). The

solution was evaluated using a normalized version of the Distance from the Main

Sequence metric (Martin, 2000). This metric uses the concepts of efferent and afferent

coupling. Efferent coupling is the number of classes on which a class depends. Afferent

coupling is the number of classes that depend on a class. Genetic algorithms were used

to find the solutions that represent the application of a sequence of design patterns. Each

chromosome encodes a sequence of transformations and specific parameters according

to each design pattern. Each gene in the chromosome has a variable size and comprises

three types of information: a number representing the design pattern, the cluster number,

and the classes in which the pattern is applied.

Two crossover operators were used: a) a single-point crossover applied to a

randomly selected point at the level of the gene, changing the genes above this point, i.e.,

keeping the internal structure of the genes unchanged; b) a single-point crossover applied
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to two genes from two different chromosomes, generating a new design pattern (gene)

from the combination of the two selected genes. The mutation operator randomly selects

a gene and modifies a random number of its parts. A framework (Automatic Design

Enhancer) was developed, with two versions with different genetic operators, applied to

a real project (an application called Gold Parser). However, no comparative results were

presented about other heuristics.

Following the results of Semaan et al. (2011), Pinto et al. (2014) presented a

heuristic based on Iterated Local Search. An extensive experiment was conducted to find

the best choices for the initial solution and the perturbation components of the proposed

algorithm. They also compared the ILS algorithm with various configurations of genetic

algorithms. The authors showed that although the ILS metaheuristic is not widely used

to solve Software Engineering problems, it proved effective for the SMC problem,

outperforming the best genetic algorithm configuration in 24 of the 40 analyzed

instances and using less computational processing time.

Monçores et al. (2018) presented a heuristic based on a constructive algorithm

and the Large Neighborhood Search algorithm. They carried out the most extensive

experimental study addressing the SMC problem at the time, involving 124 instances of

varying size and complexity. They also compared the proposed algorithm with the

heuristic that has found the best results for the problem to date and showed that the

proposed algorithm outperformed the ILS heuristic in 93 out of 124 instances with a

confidence level of 95%.

2.4 Hierarchical Software Module Clustering Techniques

Although most research work handles the SMC problem using a non-hierarchical

approach, some authors considered a hierarchical structure, representing the software as a

tree of nested components. Wood’s work (1998), presented in Section 2.1, is an interesting

example of such approaches and was highlighted for serving as the basis for this research.

In the following paragraphs, we present and discuss other research addressing the SMC

problem hierarchically.
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Lutz (2001) proposed a variant of the metric proposed by Wood (1998) and

introduced the term HMD (Hierarchical Modular Decomposition) to refer to a

hierarchical structure of modules. The new metric addressed weaknesses preventing

Wood’s approach from generating good solutions for the examined examples. Among

the changes, the author highlighted limiting the number of modules per cluster and

considering the direction of the dependencies. The metric was used as the fitness

function of a “steady-state” distributed genetic algorithm (Collins et al., 1991). The

crossover operator was based on the tree-crossover operator (Koza, 1993) with a step for

concatenating the two individuals represented by their HMD structure.

The mutation could perform three types of operations: (i) randomly move a node

(a module or a cluster) to another random position in the tree without forming cycles;

(ii) from a randomly selected cluster c′ create a new cluster c′′ made up of a subset of

modules belonging to cluster c′ and place this cluster within c′; and (iii) randomly select a

cluster c′ that is not on the first level, causing the cluster containing it to come to contain

all the modules and clusters previously contained in c′. The genetic algorithm was run

on three examples. The author concluded that the HMD produced by the search had its

components better organized and is logically better than the organization found by Wood

(Wood, 1998) for the traffic lights instance.

Even though our approach is based on both works, we extend them by using

commit history to improve the results of the previous complexity metrics and by

performing extensive experimentation on larger systems. We have not based our work

entirely on Lutz’s work because implementing the metric defined by the author did not

produce the same results outlined in the article. So, we decided to take a step back and

implement the original work made by Wood, which was successfully replicated.

Anquetil et al. (1999) evaluated the performance of four hierarchical

agglomerative clustering algorithms. Hierarchical agglomerative algorithms start with

individual items and gather them into small clusters according to a particular criterion.

The small clusters are then successively grouped into larger clusters until a cluster

containing all the items is obtained. The evaluated algorithms differ in calculating a new
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cluster’s distance from the others. Four different algorithms were evaluated: single

linkage, complete linkage, weighted average linkage, and unweighted average linkage.

The authors used the precision and recall metrics to compare different partitions of the

graph of modules that represent a piece of software. Precision reports the percentage of

cluster pairs found in the partitioning obtained by an algorithm in the same cluster as a

reference partitioning. Recall reports the percentage of cluster pairs from a reference

partitioning that are in the partitioning found by an algorithm. The authors found no

significant difference in these metrics between the hierarchical and non-hierarchical

algorithms. The standard partitioning provided was called an “expert partition” in the

study. The expert partitions used in the study were collected from three systems (Linux,

Mosaic, and a legacy system), with the modules and clusters defined according to the

directory structure in which these systems were organized.

Another hierarchical clustering algorithm is ACDC (Algorithm for

Comprehension-Driven Clustering), proposed by Tzerpos et al. (2000). Unlike

algorithms based on structural information that aim to satisfy metrics such as low

coupling and high cohesion, the ACDC algorithm aims for an easily understandable

output, ensuring that the clusters follow familiar patterns, as well as naming the clusters

intelligently. Another factor the algorithm considers is keeping the number of modules in

the cluster manageable (for instance, around twenty). Experiments were carried out with

two real projects. It was found that ACDC can be an effective clustering algorithm and a

good candidate for reverse engineering projects. Later comparative results (Shtern et al.,

2004) between the ACDC algorithm and the Bunch tool indicate that ACDC finds

hierarchical partitions superior to those found by the Bunch tool. However, the latter is

more effective in non-hierarchical partitions. Although ACDC considers both the

semantics and the structural, it was tested in only two real-life systems, and the

semantics were based on predefined patterns, such as classes residing in the same file.

The approach does not consider the commit history of modules when distributing them

into clusters.
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Hall and McMinn (2012) analyzed the Bunch tool in the hierarchical approach.

The Bunch tool was used to produce hierarchical solutions through successive clusters.

A bottom-up approach was used, with each clustering grouping the clusters produced

previously, i.e. the clusters acting as modules in the new clustering. Performing

hierarchical clustering through successive clusters means that the different branches of

the component trees have similar depths, producing a balanced tree. Another issue is that

the fitness of the clusters at the last levels is altered by the fitness obtained in the clusters

at the previous levels. The study results indicate an improvement of up to 30% by

reducing the hierarchical levels’ layering produced by the clustering. The authors

presented a mutation operator that allows the formation of an unbalanced component

tree. The strategy of randomly removing modules (100 times for each result produced by

the tool) improved the MQ value for the five instances tested, showing that the results

with unbalanced trees were superior to those with uniform branch depths.

2.5 Change History and Logical Coupling

The idea that classes modified together reveal relationships that are not visible in

the source code is well established in software evolution research. Gall et al. (1998)

introduced the notion of logical coupling by analyzing twenty releases of a large

telecommunication switching system: modules that frequently changed in the same

releases were considered logically coupled, even without explicit dependencies between

them. Later, Gall et al. (2003) refined this analysis using the fine-grained transactions

recorded in CVS repositories, showing that logical couplings can reveal architectural

weaknesses.

Zimmermann et al. (2005) applied association rule mining to version histories to

guide developers during maintenance: given a set of changed entities, their tool, ROSE,

recommends other entities that were usually changed together with them. The strength

of each rule is measured by its support – the number of transactions in which the entities

changed together – and its confidence – the fraction of the transactions changing the

antecedent that also changed the consequent. In an evaluation on eight open-source
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projects, the three topmost suggestions contained a correct location with a likelihood of

over 70%. Ying et al. (2004) also used association rule mining to predict source code

changes, and D’Ambros et al. (2009) found a correlation between change coupling and

software defects.

Closer to this thesis, some studies used co-change information to analyze or

recover modular structures. Zimmermann et al. (2003) compared the coupling indicated

by common changes with the coupling imposed by the system architecture, arguing that

differences between both indicate anomalies that may be subject to restructuring. Silva

et al. (2015) extracted clusters of classes that frequently change together (co-change

clusters) and compared them with the package structure to assess software modularity.

Beck and Diehl (2011) investigated the congruence between the package structure of 16

open-source systems and several coupling concepts, including evolutionary coupling.

Later, Beck and Diehl (2013) clustered ten open-source Java systems with the Bunch

tool, which optimizes MQ, using structural dependencies, evolutionary dependencies

filtered by support and confidence, and their combination. Comparing the results with

the package structures through MoJoFM, they found that evolutionary dependencies

alone produced meaningful but worse results than structural ones, mainly because they

cover fewer classes, whereas combining both sources – particularly emphasizing the

dependencies present in both – improved the clustering quality. Co-change information

has also been used to identify microservices in monolithic systems (Mazlami et al.,

2017).

This thesis builds on these ideas but differs from previous studies in three aspects.

First, co-change relationships are combined with structural dependencies in a hierarchical,

MDL-based search, rather than in a flat formulation such as MQ. Second, the strength

of these relationships is measured by the Jaccard coefficient and selected by percentile

thresholds (Chapter 4). Third, the resulting hierarchies are compared with the developers’

hierarchical decompositions using a tree edit distance, whereas Beck and Diehl (2013)

evaluated flattened decompositions.
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2.6 Semantic and LLM-based Approaches

Besides structural dependencies, classes may be related through the concepts

they implement, which are expressed in the vocabulary of the source code – identifiers

and comments. Poshyvanyk and Marcus (2006) proposed conceptual coupling metrics,

which use information retrieval techniques to measure the textual similarity between

classes, and showed that they capture aspects of coupling not covered by structural

metrics. Kuhn et al. (2007) used Latent Semantic Indexing to group source code artifacts

sharing a similar vocabulary, a technique they called semantic clustering. In the context

of software modularization, Bavota et al. (2013) combined structural and semantic

measures to split packages into smaller and more cohesive ones, while Bavota et al.

(2014) used latent topics and structural dependencies to recommend moving classes

between packages. Corazza et al. (2016) weighted the lexical information extracted from

different parts of the source code – such as class names, method names, and comments –

to cluster software systems for architecture recovery. More recently, Rodrigues (2025)

explored word embeddings for the remodularization of Java systems.

The popularization of Large Language Models (LLMs) opened new possibilities

for this kind of analysis, since these models process source code and natural language at

once. Rukmono et al. (2024) proposed a deductive architecture recovery approach in

which an LLM, guided by chain-of-thought prompting, classifies code units according to

the components of a reference architecture. Zhang et al. (2026) combined LLMs with

dependency analysis to refine the results of existing architecture recovery tools, reporting

improvements in MoJoFM and other metrics on nine systems with known ground-truth

architectures. LLM-based approaches are, therefore, a plausible and relatively

inexpensive baseline for the SMC problem. However, evaluating them against

developers’ decompositions requires caution: the source code of open-source systems –

including its package structure – is likely part of the data used to train these models, so

an LLM may reproduce the developers’ organization from memory rather than infer it

(Sallou et al., 2024). Controlling this threat requires, for instance, using proprietary

systems or systems whose code was not available when the model was trained.
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This thesis does not use the textual content of the source code, focusing instead on

structural dependencies and on the project’s change history. Nevertheless, the qualitative

analysis reported in Chapter 3 suggests that semantic information may complement these

dimensions, as discussed in Chapter 5.

2.7 Final remarks

This chapter introduced a theoretical foundation in information theory and

presented SMC-related work that used non-hierarchical, hierarchical, and semantic

(including LLM-based) techniques through a literature review. The concepts underlying

this research were obtained by exploratory literature research.

Most studies that tackled the SMC problem have proposed non-hierarchical

techniques, meaning clusters cannot contain other clusters; they only contain modules.

Local search and genetic algorithms are among the most used methods to find proper

distributions of modules to clusters. In particular, local search stood out with good

results yielded by algorithms such as Hill Climbing, ILS, and LNS. Even though these

techniques find close to optimal solutions, their authoritativeness is very low; that is, the

generated distributions were not close to those proposed by the developers. Our research

aims to produce better results from this perspective.

Few studies have proposed hierarchy-based techniques. Some of these studies

relied on meta-heuristics, particularly genetic algorithms. Among them, a single one has

compared the proposed solutions with the developers’ distributions. Besides, comparing

hierarchical distributions with non-hierarchical distributions is challenging because their

structures differ substantially, which also brings an opportunity to contribute to the

literature.

Furthermore, although co-change information has long been used in software

evolution research and has been shown to improve flat clustering when combined with

structural dependencies (Beck et al., 2013), to our knowledge, no study has combined it

with a hierarchical complexity metric nor evaluated the resulting hierarchies against the
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developers’ hierarchical decompositions. With our proposed approach, we aim to fill this

gap and investigate whether it could yield better results in terms of authoritativeness.
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3 COMPARING HIERARCHICAL AND FLAT
CLUSTERING OF SOFTWARE MODULES

This chapter presents the first experimental study of this thesis, which
compares a hierarchical, MDL-based approach to the Software Module
Clustering problem with a non-hierarchical approach based on MQ.
This chapter addresses RQ1.

3.1 Introduction

Chapter 2 has shown that several studies were carried out on hierarchical and

non-hierarchical clustering approaches for software projects. However, few studies on

hierarchical clustering addressed the authoritativeness of the distributions proposed by the

algorithms, that is, how close such distributions were to those proposed by the developers.

Besides, most hierarchical clustering approaches using meta-heuristics rely on genetic

algorithms, while simpler local search approaches have been shown to yield good results

for non-hierarchical clustering, and greedy algorithms have been shown to produce good

starting solutions for these local searches.

In this chapter, we aim to complement the literature by performing experiments

on hierarchical clustering algorithms using local search algorithms that depart from

solutions found by greedy algorithms. We also want to compare the solutions resulting

from the former with the distributions of classes to packages proposed by the developers.

As discussed, research work shows that non-hierarchical clustering finds close to optimal

solutions whose authoritativeness is very low. We want to examine if hierarchical

clustering can lead to better results from this perspective.

This chapter is organized into six sections, starting with this introduction. Section

3.2 presents the reasoning behind the algorithm selection for this study. Section 3.3 details

the criteria for selecting the software systems used in the experiments that compared the
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distributions of classes to packages produced by an optimization driven by MDL with

those produced by an optimization driven by the MQ metric. Section 3.4 presents the

results and briefly discusses some key points the experiments revealed. Threats to validity

are discussed in Section 3.5. Finally, Section 3.6 highlights some final considerations.

3.2 An algorithm for hierarchical software clustering

As described in Chapter 2, many different heuristics have been proposed to solve

the SMC problem. Notably, the application of local search was shown to be promising

for non-hierarchical clustering, with good results being yielded by algorithms such as the

Iterated Local Search (ILS) (Pinto, 2014) and the Large Neighborhood Search (LNS)

(Monçores, 2015). In both approaches, the first step of the search process involves

generating a promising initial solution to ease the computational time required to execute

the local search algorithm.

Pinto (2014) proposed an algorithm to find solutions for the SMC problem based

on the Iterated Local Search (ILS) metaheuristic (Lourenço et al., 2003). ILS applies a

local search on an initial solution. When the local search reaches a local optimum, a

perturbation method is applied to its current solution, and the local search starts again

from the solution generated by the perturbation. Thus, ILS aims to yield better solutions

than those generated by random repetitions of the same local search. The metaheuristic

is composed of four steps: (i) generating the initial solution, (ii) applying a local search,

(iii) applying perturbation, and (iv) checking new solutions based on acceptance criteria.

Algorithm 1 depicts the pseudo-code for ILS.

Algorithm 1: Iterated Local Search
1: s0← generate initial solution
2: s∗ ← localSearch(s0)
3: repeat
4: s′← perturbation(s∗, history)
5: s∗′← localSearch(s′)
6: s∗ ← acceptanceCriteria(s∗, s∗′, history)
7: until stop criteria were reached
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The first step of the search process involves generating an initial solution to ease

the computational time required to execute the extended local search algorithm. Pinto’s

implementation of ILS, called ILS_CMS, uses a constructive approach in which the initial

solution is built iteratively using a greedy algorithm (Cormack, 1971; Gordon, 1987).

Greedy algorithms build up a solution in small steps, choosing a decision at each step

myopically to optimize some underlying criterion. For some problems, greedy algorithms

can produce a solution that is guaranteed to be close to optimal, even if it does not achieve

the precise optimum (Kleinberg et al., 2006).

Pinto’s greedy algorithm (Hierarchical Agglomerative Clustering - HAC) uses the

concept of clustering of large networks (Clauset et al., 2004) to identify “community

structures” – vertices more densely connected among themselves than connected to

vertices in other clusters. The problem of finding “community structures” can be

generically represented as identifying groups in large networks, such as the Internet,

social networks, and article citation networks. The algorithm is fast enough for the

hierarchical partitioning of graphs with several thousand vertices.

The first step of the algorithm is to create a solution with one module per cluster.

For instance, for a problem with n modules, the initial solution has n distinct clusters, each

containing a single module. Next, the algorithm checks all combinations of two clusters,

selecting the union that produces the highest MQ. This step is repeated until it fails to

find a union of two clusters that improves the value of MQ. The calculation of the initial

solution’s MQ with n clusters was implemented according to the “TurboMQ” algorithm

presented by Mitchell (2002). The part of the algorithm that merges two clusters updates

the current MQ value by a “delta” value, called Incremental Turbo MQ (ITurboMQ) in

Mitchell’s work. The pseudo-code for HAC is shown in Algorithm 2.

When moving a module from one cluster to another during the local search, it

is only necessary to calculate the new Cluster Factor (CF) values of the two clusters

involved in the movement. The current MQ value is then updated by decreasing the

previous CF values of the two clusters and adding the new CFs of the same clusters. This

difference avoids recalculating the CF value for all the clusters. Pinto’s decision to use
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Algorithm 2: Agglomerative Clustering
1: s∗ ← generate an initial solution with one module per cluster
2: repeat
3: maxDelta← 0
4: for each c ∈ clusters do
5: for each c

′ ∈ clusters do
6: currentDelta← calculateMergeClustersDeltaMQ(c,c

′
)

7: if currentDelta > maxDelta then
8: maxDelta← currentDelta
9: target_c← c

10: target_c
′ ← c

′

11: end if
12: end for
13: end for
14: s∗ ← mergeClusters(target_c, target_c

′
)

15: until does not find clusters to merge

the HAC algorithm was made after an experimental analysis showed that its results were

better than those yielded by randomly generating the initial solution for the search.

Our proposed approach is based on Pinto’s work and modifies the latter by

replacing MQ with the MDL fitness function to drive the optimization process using the

HAC algorithm. Since MDL cannot take advantage of the MQ “delta” values, its value

must be fully calculated in every step of the algorithm.

Alongside the new fitness function, we have modified the original algorithm to

allow creating hierarchical structures. We added a step to attempt to add clusters as

submodules of other clusters to see if it enhances MDL. Furthermore, at the end of the

algorithm, we perform cleanup operations: (i) remove clusters without children and (ii)

move clusters with just one child two levels above in the hierarchy. These modifications

have been proposed after some exploratory executions. Besides, the proposal of the

hierarchy movements was essential to form the hierarchical structure; otherwise, the

algorithm would suggest a flat solution. The modified algorithm’s pseudo-code,

Hierarchical Agglomerative Clustering* (HAC∗), is presented in Algorithm 3 – the

modifications were also highlighted to facilitate understanding. In the scope of this
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Algorithm 3: Agglomerative Clustering*
1: s∗ ← generate an initial solution with one module per cluster
2: repeat
3: maxDelta← 0
4: for each c ∈ clusters do
5: for each c

′ ∈ clusters do
6: currentDelta← calculateMergeClustersMDL(c,c

′
)

7: if currentDelta > maxDelta then
8: maxDelta← currentDelta
9: target_c← c

10: target_c
′ ← c

′

11: end if
12: end for
13: end for
14: s∗ ← mergeClusters(target_c, target_c

′
)

15: until does not find clusters to merge
16: repeat
17: maxDelta← 0
18: for each c ∈ clusters do
19: for each c

′ ∈ clusters do
20: currentDelta← calculateAddAsChildClusterMDL(c,c

′
)

21: if currentDelta > maxDelta then
22: maxDelta← currentDelta
23: target_c← c
24: target_c

′ ← c
′

25: end if
26: end for
27: end for
28: s∗ ← AddClusterAsChild(target_c, target_c

′
)

29: until does not find clusters to add as children
30: s∗ ← removeClustersWithoutChildren(s∗)
31: s∗ ← moveOnlyChildToGrand parent(s∗)
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document, when we mention HAC using MDL as the fitness function, we are referring to

HAC∗.

3.3 Fine-tuning the proposed algorithm

Before applying the ILS_CMS algorithm to the MDL concept, we conducted a

pilot study to assess how close the initial solution produced by the HAC algorithm was to

the solution obtained from the complete ILS search. We evaluated whether we could use

just the HAC algorithm in the experimental studies. Relying only on the HAC algorithm

would reduce the processing time required to conduct the search processes, given that

calculating MDL is much harder than calculating MQ, and the ILS algorithm demands a

large number of fitness function calculations. We have selected a set of software systems

to perform this study. They had to meet the following requirements:

• Open-source software: we chose open-source libraries due to the availability of the

source code, which is necessary to execute and evaluate the proposed approach;

• Source code is available through a Git repository: since we needed to evaluate

software evolution history, we chose systems that stored their source code in Git

repositories. Git is one of the most popular version control systems in use today;

• Source code is primarily written in Java language: we decided to evaluate

Java-based systems due to the availability of tools to extract project metadata

automatically from the compiled code;

• Different numbers of classes and packages: to evaluate the proposed approach in

different scenarios and scales, we picked systems with varying sizes, measured as

the number of classes and packages (from tens to hundreds).

These requirements define eligibility but do not, by themselves, narrow the

candidate set, since many Java libraries hosted on Git satisfy them. Therefore, we started

from the systems used in previous studies on the SMC problem (Pinto, 2014; Monçores

et al., 2018) and discarded those without a Git repository. We then supplemented this set
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with systems on GitHub that met the requirements above, prioritizing the most popular

ones based on indicators such as the number of stars.

Table 3.1 presents the chosen systems, their description, version, and Git

repository links. We chose to work with a limited number of classes and packages for the

studies reported in this chapter because of the time needed to execute ILS_CMS for large

instances, particularly when the MDL fitness function was used. Therefore, we compiled

each selected system and extracted sub-modules with fewer than 200 classes; systems

below this limit, such as AEP Core and JavaGeom, were used as a whole. The limit was

chosen as a threshold to guarantee that the optimization of each one of the instances

could run in a short period (up to 30 minutes). Table 3.2 shows the sub-modules selected

and their number of classes and packages.

Table 3.1: Investigated software systems

Software system Description Version Repository
AEP Core A core library providing

interfaces for managing and
deploying applications to
Google App Engine.

0.10.0 https://github.com/GoogleCloud
Platform/appengine-plugins

JavaGeom JavaGeom is a geometry
library for Java.

0.11.3 https://github.com/dlegland/
javaGeom

JUnit The 5th major version of the
programmer-friendly testing
framework for Java and the
JVM.

5.10.1 https://github.com/junit-
team/junit5

JMetal jMetal is a Java-based
framework for multi-
objective optimization with
metaheuristics.

6.2.2 https://github.com/jMetal/jMetal

JGit An implementation of the
Git version control system in
pure Java.

6.8.0 https://github.com/eclipse-jgit/jgit

After the software systems selection, we executed ILS_CMS driven by MQ and

measured the following: (i) the percentage of time invested in the HAC algorithm to

create the initial solution, (ii) the percentage of time invested in the remaining local

search algorithm, (iii) the percentage of times MQ has been updated after the execution

of the extended local search, and (iv) the average amount it was updated. All
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Table 3.2: Investigated systems/sub-modules ordered by the number of classes.

ID Software system Sub-module Classes Packages
AEP AEP Core - 162 17
JGE JavaGeom - 159 20
JPE JUnit Platform Engine 135 10
JMC JMetal Component 132 43
JJE JUnit Jupiter Engine 129 9
JGP JGit PGM 121 5
JPL JUnit Platform Launcher 115 7
JGS JGit SSH 98 7
JMA JMetal Auto 69 7
JGH JGit HTTP 61 3

experiments were conducted on the researcher’s computer configured with an Intel Core

i5-1240P processor @4.40 GHz and 16 GB of RAM. All algorithms were implemented

using the Java programming language SDK version 18.0.2.

Table 3.3 shows the data collected for each instance. Since the ILS algorithm is

non-deterministic, we have run it 30 (thirty) times for each instance, and the presented

results show the average for the thirty executions. We can observe that the MQ value did

not change for most instances – such as JPE, JJE, and JGP – during the local search; that

is, the solution produced by the greedy algorithm was fed into the local search algorithm,

but the latter was unable to improve it.

Four instances had the MQ of their initial solution improved by the local search:

AEP, JGE, JMC, and JMA. Although some have changed slightly (10% of the cases for

JMA and 16.7% for JMC), the percentage of improvement was not more than 0.2%. For

instance, in the 7th run for AEP, the MQ value of the solution found by HAC was

28.0249, and after the ILS_CMS execution, it became 28.0684 – approximately 0.16%

of improvement. Looking at the improvement percentage for all instances in Table 3.3,

we can conclude that the HAC algorithm finds solutions that reach 99.8% of the quality

of those found by the local search.

Another observation is that the percentage of time invested in the HAC algorithm

increases as instance sizes increase. Formally, running a correlation analysis (ρ) between
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Table 3.3: The distribution of the runtime for the optimization based on MQ, considering
the percentage of time running HAC and ILS_CMS.

Instance Classes HAC ILS_CMS MQ updated Improvement Time
(%) (%) (%) (%) (ms)

AEP 162 67.7 32.3 6.7 0.08 23
JGE 159 47.7 52.3 3.3 0.03 33
JPE 135 55.6 44.4 - - 17
JMC 132 55.3 44.7 16.7 0.09 16
JJE 129 53.7 46.3 - - 15
JGP 121 50.9 49.1 - - 14
JPL 115 46.2 53.8 - - 12
JGS 98 34.6 65.4 - - 10
JMA 69 21.4 78.6 10.0 0.19 7
JGH 61 13.7 86.3 - - 9

the number of classes and the percentage of time invested in HAC, we obtain a coefficient

of 0.93 – indicating a strong correlation according to Cohen (1992). The greedy algorithm

has a worst-case time complexity of O(n3), where n is the number of clusters. So, with

larger instances, the percentage of time dedicated to the HAC execution tends to increase

for two reasons: (i) more clusters indicate more combinations to compare on the HAC

algorithm, and (ii) due to the high quality of HAC, ILS_CMS does not need a lot of

iterations until it reaches its stop criteria.

Another advantage of HAC is that it is deterministic, so we avoid the multiple runs

needed for non-deterministic algorithms such as ILS_CMS. So, even though the time to

find the initial solution increases with the instance size, we save the time required for

these extra executions. For instance, we ran the JGH instance 30 times, averaging 33 ms

on each run; the total time was around 990 ms. 44.7% of each run was dedicated to HAC,

that is 15.7 ms. So, for an improvement of just 0.03%, we invested 630% more time.

Due to the observed data and the advantages of HAC, along with simplifying the

execution and better use of the available resources, we decided to use just the initial

solution generated by HAC for the remaining studies reported here and reevaluate this

decision in the future based on the results.
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3.4 Analysis of different optimization drivers

We executed the HAC algorithm for each selected system’s sub-module with both

fitness functions, MQ and MDL. Subsequently, the following information has been

extracted:

• Number of packages: the number of packages in the resulting solution;

• Average number of classes per package: calculated by dividing the number of

classes in the project by the number of packages in the resulting solution. Nested

packages are counted independently;

• Max depth: the longest path from the root package to the deepest package in the

hierarchy. In Java, the depth of a package corresponds to the number of segments

in its name and to the number of nested directories in the source tree; since nesting

has no semantics in the language (Section 1.2), depth reflects only how many

levels of progressively more specific groupings a developer navigates to reach a

class. For the DEV distributions, depth was computed from the first segment of the

package names (e.g., org in org.eclipse. jgit.htt p.server.glue), whereas for the MQ

and MDL distributions it was computed from the root of the generated tree;

• MoJoFM: calculated by comparing the optimization results with the distribution of

classes to packages proposed by the developers;

• Average number of packages affected per commit: average number of packages

with classes contained in each commit to the version control system;

• Single-package commits ratio: percentage of commits that contained classes

belonging to a single package;

• Execution time (in milliseconds): time required to run the optimization using each

fitness function;

• Graph visualization: hierarchical visualization of the distribution of the packages

in the form of a graph.
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Since the HAC algorithm is deterministic, we have executed it once for each

instance. We also compared the results with the distribution of classes into packages

proposed by the developers of each project. We refer to such distribution as “DEV ”.

This distribution is not provided as input to the optimization; it is only used as a

reference to evaluate the resulting decompositions. The distribution resulting from the

MQ-driven optimization was called “MQ”, and “MDL” was the name given to the

distribution proposed by the MDL-driven optimization. Next, we present the results and

related discussion for each piece of information described above.

3.4.1 Number of packages

Figure 3.1 presents the number of packages for each distribution of classes into

packages (DEV , MQ, and MDL). Nested packages were counted independently for the

DEV and MDL distributions. For instance, if package A contained packages A1 and

A2, the number of packages would be three: A, A1, and A2. This allows comparing the

number of packages with the solution proposed by MQ, which contains only flat packages.

Figure 3.1: Number of packages (DEV x MQ x MDL).

We present the raw data in Table 3.4. We observe a large difference in the number

of packages on different solutions. MQ generated many more packages than the MDL
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and the DEV solutions for all instances, which we can observe in the MQ/DEV column

and visually through the boxplot in Figure 3.2. The ratio between MQ and DEV varies

from 1.35 to 10.60, with an average of 6.42 and a median of 7.04. In most cases, MDL

generated a balanced number of packages, with a few instances producing fewer packages

than DEV (JMC and JMA), coincidentally both sub-modules of the JMetal project. We

can observe this in the MDL/DEV column. The ratio between MDL and DEV varies

from 0.70 to 5.80, with an average of 3.45 and a median of 3.59.

Table 3.4: Number of packages (DEV x MQ x MDL).

Instance Classes Packages Packages Packages MQ/DEV MDL/DEV MQ−MDL
(DEV ) (MQ) (MDL)

AEP 162 17 85 59 5 3.47 26
JGE 159 20 70 26 3.5 1.3 44
JPE 135 10 72 37 7.2 3.7 35
JMC 132 43 58 30 1.35 0.7 28
JJE 129 9 62 31 6.89 3.44 31
JGP 121 5 53 29 10.6 5.8 24
JPL 115 7 62 40 8.86 5.71 22
JGS 98 7 59 30 8.43 4.3 29
JMA 69 7 14 5 2 0.71 9
JGH 61 3 31 16 10.33 5.33 15
Min - 3.0 14.0 5.0 1.35 0.70 9.0
Mean - 12.8 56.6 30.3 6.42 3.45 26.3
Median - 8.0 60.5 30.0 7.04 3.59 27.0
Max - 43.0 85.0 59.0 10.60 5.80 44.0

Furthermore, the correlation coefficient (ρ) of the difference between MQ and

MDL (MQ−MDL column) and the number of classes is equal to 0.79, which indicates

a strong correlation according to Cohen (1992). In other words, we can affirm that when

the number of classes increases, the difference between the solutions proposed by MDL

and MQ also increases, meaning the number of packages in MDL grows more slowly than

MQ.

3.4.2 Average number of classes per package

Figure 3.3 shows each distribution’s average number of classes per package

(DEV , MQ, and MDL). We also present the raw data in Table 3.5. MQ has an average of
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Figure 3.2: Number of packages (DEV x MQ x MDL) boxplot.

2.33 and a median of 2.05 classes per package, which is far different than the DEV

distribution, which has an average of 9.14 and a median of 8.25. In contrast, MDL

contains, on average, 5.85 classes per package with a median of 4.95 – a balanced

solution compared to the previous two.

The DEV distributions show larger values for most instances, from eight to twelve

classes per package on average, except for JMC and JMA, which have fewer classes per

package (3.4 and 6.7, respectively) – again sub-modules of the JMetal project. This can

be visualized in the boxplot in Figure 3.4. One interesting observation is that the MDL

average is greater than DEV’s for those instances (5.4 and 14.6, respectively).

In the MDL/DEV column, we can observe that the ratio between MDL and DEV

varies from 0.31 to 2.18, with an average of 0.78 and a median of 0.5. This indicates a

tendency to produce fewer classes per package than DEV but with a smaller variance than

MQ, which can be observed in the MQ/DEV column. The ratio between MQ and DEV

varies from 0.15 to 0.73, with an average of 0.31 and a median of 0.23.

The correlation (ρ) of the difference between MDL and MQ (MDL −MQ

column) and the number of classes is equal to −0.41, which indicates a medium inverted

correlation according to Cohen (1992). In other words, when the number of classes
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Figure 3.3: Average number of classes per package (DEV x MQ x MDL).

increases, the difference between the solutions proposed by MDL and MQ decreases,

meaning the number of classes per package in MDL grows faster than MQ.

Table 3.5: Average number of classes per package (DEV x MQ x MDL).

Instance Classes Classes Classes Classes MQ/DEV MDL/DEV MDL−MQ
(DEV ) (MQ) (MDL)

AEP 162 8 1.9 3.7 0.24 0.46 1.8
JGE 159 7.9 2.3 7.1 0.29 0.9 4.8
JPE 135 10.6 1.9 4.6 0.18 0.43 2.7
JMC 132 3.4 2.3 5.4 0.68 1.59 3.1
JJE 129 11.7 2.1 5.1 0.18 0.44 3
JGP 121 14.3 2.3 5.1 0.16 0.36 2.8
JPL 115 12.4 1.9 3.9 0.15 0.31 2
JGS 98 7.9 1.7 4.2 0.22 0.53 2.5
JMA 69 6.7 4.9 14.6 0.73 2.18 9.7
JGH 61 8.5 2 4.8 0.24 0.56 2.8
Min - 3.40 1.70 3.70 0.15 0.31 1.80
Mean - 9.14 2.33 5.85 0.31 0.78 3.52
Median - 8.25 2.05 4.95 0.23 0.50 2.80
Max - 14.30 4.90 14.60 0.73 2.18 9.70
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Figure 3.4: Average number of classes per package (DEV x MQ x MDL) boxplot.

3.4.3 Maximum depth

Figure 3.5 depicts the maximum depth of the package structure in each

distribution (DEV , MQ, and MDL), and Table 3.6 presents the raw data. MQ generates

flat packages, so its depth is always equal to 1. In contrast, MDL generates nested

hierarchies, with a maximum depth varying from 2 to 10 levels (mean of 6.0), whereas

the DEV distributions vary from 5 to 9 levels (mean of 6.4), as shown in the boxplot of

Figure 3.6. However, these values are not directly comparable: the DEV depth includes

the segments that precede the root package of each analyzed sub-module – for instance,

the four levels of org.eclipse. jgit.htt p in the JGH instance, whose classes reside in

org.eclipse. jgit.htt p.server and its sub-packages. These segments follow Java’s naming

convention, based on reverse domain names, rather than design decisions within the

sub-module. Discounting them and counting the root package of each sub-module as the

first level, the developers’ hierarchies range from 2 to 6 levels (mean of 3.7), so MDL

produced deeper hierarchies than the developers in eight of the ten instances.

The MDL/DEV column, which varies from 0.63 to 1.33, should therefore be read

with this caveat in mind: the maximum depth indicates that MDL, unlike MQ, produces
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Figure 3.5: Maximum depth (DEV x MQ x MDL)

nested hierarchies, but not that these hierarchies have the same depth as those designed

by the developers.

The correlation (ρ) of the difference between MDL and MQ (MDL−MQ column)

and the number of classes is equal to 0.73, which indicates a strong correlation according

to Cohen (1992). In other words, we can say that the difference between MDL and MQ

grows when the number of classes increases. Since MQ proposes only flat solutions and

is constant, we can conclude that the solutions proposed by MDL increase the maximum

depth according to the number of classes.

3.4.4 Mo joFM

Figure 3.7 shows Mo joFM results for MQ and MDL compared to the DEV

distribution. Except for JMA, we can observe that MDL values are mostly better than

MQ values – values closer to 100 represent more similarity between the distribution

yielded by the optimization process and the distribution proposed by the developers.

Following the same pattern as previous metrics, the JMA’s MQ distribution Mo joFM

value is better than MDL.
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Table 3.6: Maximum depth (DEV x MQ x MDL).

Instance Classes Depth Depth Depth MQ/DEV MDL/DEV MDL−MQ
(DEV ) (MQ) (MDL)

AEP 162 9 1 10 0.11 1.11 9
JGE 159 5 1 6 0.20 1.20 5
JPE 135 6 1 7 0.17 1.17 6
JMC 132 8 1 5 0.13 0.63 4
JJE 129 6 1 6 0.17 1.00 5
JGP 121 5 1 6 0.20 1.20 5
JPL 115 6 1 8 0.17 1.33 7
JGS 98 7 1 6 0.14 0.86 5
JMA 69 6 1 2 0.17 0.33 1
JGH 61 6 1 4 0.17 0.67 3
Min - 5.0 1 5.0 0.11 0.63 4
Mean - 6.4 1 6.0 0.16 0.95 5
Median - 6.0 1 6.0 0.17 1.06 5
Max - 9.0 1 10.0 0.20 1.33 9

Figure 3.6: Maximum depth (DEV x MQ x MDL) boxplot.

Table 3.7 shows the Mo joFM values for all instances alongside relevant metrics.

We can then observe that MQ values vary from 32.9 to 50.0 and have an average of 39.6

and a median of 37.6 classes per package, which is relatively different from the MDL

values. MDL ranges from 35.5 to 69.0, with an average of 55.35 and a median of 58.10.

The boxplot in Figure 3.8 depicts this visually.
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Figure 3.7: Mo joFM (MQ x MDL)

Table 3.7: Mo joFM value (MQ x MDL).

Instance Classes Mo joFM Mo joFM MDL−MQ
(MQ) (MDL)

AEP 162 32.9 46.3 13.4
JGE 159 35.7 42.7 7.0
JPE 135 38.3 68.0 29.7
JMC 132 36.9 45.9 9.0
JJE 129 43.0 61.2 18.2
JGP 121 43.1 69.0 25.9
JPL 115 36.7 66.1 29.4
JGS 98 34.1 55.0 20.9
JMA 69 50.0 35.5 -14.5
JGH 61 44.8 63.8 19.0
Min - 32.9 35.50 -14.5
Mean - 39.6 55.35 15.8
Median - 37.6 58.10 18.6
Max - 50.0 69.00 29.7

For the JMA instance, the results show that the MQ distribution comes closer to the

DEV distribution than the MDL proposal. Looking at the previous sections, we can infer

this is due to (i) the average number of classes per package being smaller than in other

instances and (ii) the generated MDL solution producing fewer packages and putting more

classes in a single package. These widened the chasm between the two solutions.
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Figure 3.8: Mo joFM value (MQ x MDL) boxplot.

The correlation (ρ) of the difference between MDL and MQ (MDL−MQ column)

and the number of classes is equal to 0.22, which indicates a weak correlation according

to Cohen (1992). In other words, we cannot correlate the number of classes with the

difference between the solutions proposed by MDL and MQ. It might indicate that this

metric varies according to other aspects of the solutions not yet considered, such as the

number of dependencies.

3.4.5 Single-package commits ratio

Table 3.8 and Figure 3.9 present the percentage of commits with a single package

involved. We notice better performance on the DEV distribution (more commits

involving changes in classes from a single package), with MDL coming closer than MQ

for all instances. For JMA, we observe that MDL has better results than the DEV

distribution. This can indicate that the DEV distribution for this instance might benefit

from restructuring.

In the MDL/DEV column, we observe that the ratio between MDL and DEV

varies from 0.74 to 1.16, with an average of 0.91 and a median of 0.90. This indicates a

tendency to produce results that are more similar to DEV than MQ regarding the
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Table 3.8: Percentage of one-package commits (DEV x MQ x MDL).

Instance Classes % Commits % Commits % Commits MQ/DEV MDL/DEV MDL−MQ
(DEV ) (MQ) (MDL) (%)

AEP 162 64.7 52.3 56.9 0.81 0.88 4.59
JGE 159 40.4 23.4 33.6 0.58 0.83 10.22
JPE 135 80.7 64.1 77.1 0.79 0.96 12.95
JMC 132 67.2 54.8 64.0 0.82 0.95 9.17
JJE 129 79.9 63.6 67.1 0.8 0.84 3.49
JGP 121 86.7 79.7 84.0 0.92 0.97 4.37
JPL 115 75.4 59.7 69.7 0.79 0.93 10.00
JGS 98 50.0 39.5 44.2 0.79 0.88 4.66
JMA 69 61.1 48.7 70.6 0.80 1.16 21.9
JGH 61 84.1 57.9 61.9 0.69 0.74 3.96
Min - 40.43 23.40 33.62 0.58 0.74 3.49
Mean - 69.01 54.38 62.91 0.78 0.91 8.53
Median - 71.27 56.37 65.53 0.80 0.90 6.92
Max - 86.67 79.67 84.04 0.92 1.16 21.9

distribution of change, which can be observed in the MQ/DEV column. For JMA, MDL

actually outperformed DEV , with 70.6% against 61.1%. The ratio between MQ and

DEV varies from 0.58 to 0.92, with an average of 0.78 and a median of 0.80. This can

be seen visually through the boxplot in Figure 3.10.

The correlation (ρ) of the difference between MDL and MQ (MDL −MQ

column) and the number of classes is equal to −0.23, which indicates a weak inverted

correlation according to Cohen (1992). We wanted to determine whether the number of

classes influenced the quality of the MQ and MDL solutions for single-package commits.

We might say that, as the number of classes increases, the MQ solutions come slightly

closer to the MDL ones.

3.4.6 Average of packages per commit

Table 3.9 and Figure 3.11 show the average number of packages per commit on

each distribution (DEV , MQ, and MDL). This metric complements the previous metric,

giving us a better view of how distant some instances are from a single-package commit,

i.e., the bigger the value, the worse the performance.
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Figure 3.9: Single-package commits ratio (DEV x MQ x MDL)

Figure 3.10: Single-package commits ratio (DEV x MQ x MDL) boxplot.

We can observe a very poor performance for the MQ distribution of JGE with 6.6

packages per commit on average. The remaining instances all have larger values than
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Table 3.9: Average of clusters per commit (DEV x MQ x MDL).

Instance Classes Clusters Clusters Clusters MQ/DEV MDL/DEV MQ−MDL
(DEV ) (MQ) (MDL)

AEP 162 1.7 2.8 2.3 1.65 1.35 0.5
JGE 159 3.0 6.6 3.1 2.20 1.03 3.5
JPE 135 1.3 2.7 1.8 2.08 1.38 0.9
JMC 132 2.0 3.0 2.1 1.50 1.05 0.9
JJE 129 1.4 2.4 1.8 1.71 1.29 0.6
JGP 121 1.2 1.7 1.4 1.42 1.17 0.3
JPL 115 1.4 2.6 2.0 1.86 1.43 0.6
JGS 98 1.7 3.0 2.5 1.76 1.47 0.5
JMA 69 1.6 2.3 1.3 1.44 0.81 1.0
JGH 61 1.2 2.7 1.9 2.25 1.58 0.8
Min - 1.20 1.70 1.30 1.42 0.81 0.30
Mean - 1.65 2.98 2.02 1.79 1.26 0.96
Median - 1.50 2.70 1.95 1.74 1.32 0.70
Max - 3.00 6.60 3.10 2.25 1.58 3.50

DEV and MDL. Once more, we observe a better performance of the MDL distribution for

JMA, with 1.3 against 1.6 and 2.3 from DEV and MQ, respectively.

The ratio between MDL and DEV (column MDL/DEV ) varies from 0.81 to 1.58,

with an average of 1.26 and a median of 1.32. This indicates a tendency to produce

results that are more similar to DEV than MQ, which can be observed in the MQ/DEV

column. For JMA again, MDL actually outperformed DEV , with 1.3 against 1.6. The

ratio between MQ and DEV varies from 1.42 to 2.25, with an average of 1.79 and a

median of 1.74. This could also be observed from the boxplot in Figure 4.13.

The correlation (ρ) of the difference between MDL and MQ (MDL −MQ

column) and the number of classes is equal to 0.33, which indicates a medium

correlation according to Cohen (1992). In other words, we can say that as the number of

classes increases, the MQ solutions increase the average number of packages involved in

a single commit with their distributions.
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Figure 3.11: Average of packages per commit (DEV x MQ x MDL)

Figure 3.12: Average of packages per commit (DEV x MQ x MDL) boxplot.
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3.4.7 Visual comparison

To show an example of the visual differences between pairs of distributions, we

have plotted a directed dependency graph for JGIT’s HTTP sub-module (JGH) for all

three distributions: DEV (Figure 3.13), MQ (Figure 3.14) and MDL (Figure 3.15).

Figure 3.13: JGH DEV distribution.

In these plots, each circle represents a class. Arrows illustrate dependencies

between classes. Each transparent rectangle wrapping a group of objects depicts a

package. Objects could be either classes or inner packages. For simplicity and to

facilitate the visualization, the dependencies between classes of different packages were

expressed by a single arrow departing from the source class’s parent package to the

target class’s parent package. A single arrow may describe multiple dependencies

between the same packages. If two packages, A and B, depend on each other, two arrows

are drawn – one from package A to B and the other from B to A. After drawing the

graphs, we can observe package distribution particularities for each solution, such as (i)

the number of packages and (ii) the dependencies between them.

The MQ distribution splits the project into many small packages, which makes

it very difficult to read and understand. We can observe many packages with a single
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Figure 3.14: Distribution proposed by the MQ optimization for JGH.

Figure 3.15: Distribution proposed by the MDL optimization for JGH.
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class, which is also not intuitive and usual in software design. The distribution yielded

by using MDL as a fitness function produces a balanced solution, bringing classes with

high cohesion together while splitting the project into a fair number of packages and

sub-packages. Compared to the DEV distribution, MDL comes visually closer but still

presents significant differences in the number of inner packages.

We also observe differences among the solutions concerning the dependencies

between packages. On the one hand, the distributions proposed by MQ have many

dependencies between packages, as the number of packages is also larger. On the other

hand, the MDL solution brings a balanced number of dependencies among packages

compared to the DEV distribution, which has few dependencies because it does not have

many packages.

Since the JMA instance showed poor performance for MDL during the studies,

we investigated its generated structures and checked for the reasons that could have led

to this. To help with the visualization, we have plotted its directed dependency graphs for

the DEV (Figure 3.16) and MDL (Figure 3.17) distributions. We have maintained all the

dependencies for these graphs, including all the cross-package dependencies (suppressed

on the JGH example).

We noticed many dependencies among the classes in two different packages

(autocon f igurablealgorithm and parameter), which could have led to package

aggregation when evaluated through MDL. When looking at these packages, one

interesting finding was that most classes inside the “parameter” package at the DEV

distribution had the suffix “Parameter”. Even though they might have dependencies on

classes in other packages, they reside in the same package because of their semantics.

Using NLP to gather semantic characteristics – such as the terms used in class names,

variable names, and comments – could be beneficial. Finding a metric that considers

semantics may bring interesting results, taking advantage of the MDL principle and its

benefits to form a balanced solution.

Figure 3.18 shows the DEV distribution for the parameters package, and Figure

3.19 highlights how they were reorganized on the MDL distribution. Package names (C1,
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Figure 3.16: JMA DEV distribution.

Figure 3.17: Distribution proposed by the MDL optimization for JMA.
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Figure 3.18: Part of the DEV distribution for JMA (parameter-related classes).

C2, and C3) are artificial. Even though this distribution has reduced the coupling and

increased cohesion, it still differs from DEV because it did not consider the semantic

characteristics of the components.

3.5 Threats to validity

According to Wohlin et al. (2012), four categories of validity threats may endanger

the results of experimental studies: construct, internal, external, and conclusion threats.

Construct validity threats are related to generalizing the results to the concepts

behind the study, in other words, the relationship between theory and observation. To

minimize this kind of threat, the theory and reasoning behind the selection of the

algorithm, software systems, and fitness functions were thoroughly presented in Sections
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Figure 3.19: Part of the MDL distribution for JMA (parameter-related classes).

3.2 and 3.3. We have also considered open-source projects actively used and maintained

in the Software Engineering community to prevent using toy examples. Moreover, most

of the metrics used in this chapter describe aggregate characteristics of the

decompositions, and MoJoFM – the only one that compares the assignment of classes to

packages – disregards the nesting of packages. Chapter 4 addresses this limitation by

adopting a tree edit distance to compare hierarchical decompositions.
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The internal validity of experiments is threatened when the results can be

tainted by modeling and measurement errors, or when we cannot replicate the behavior

of the study. To guarantee the reproducibility of the experiments, all the source code and

instances used in the experiments are available in a public repository1. Furthermore, the

steps to reproduce the results are detailed in the same repository.

The external validity threats are related to our ability to generalize the studies’

results and whether they can be used in different scopes. Only open-source software

systems were explored in the experiments. This could threaten the validity of the results.

Centralized development models, such as the systems used in commercial software

companies, are developed with distributed and organized collaboration. In open

communities, the efforts are distributed among developers around the globe with little or

no centralization and control. In this case, the ideal would be to conduct a more

comprehensive investigation into different commercial software systems with instances

of varying sizes. However, accessing the source code of commercial software systems is

difficult. In addition, the instances used in the experiments were collected from software

written in Java, which can limit generalization to other programming languages.

Moreover, the systems were not randomly sampled: they were drawn from previous

SMC studies and complemented with popular GitHub projects, which may favor

well-maintained systems.

The threats related to the inaccurate conclusions fall under the conclusion validity

category. In this sense, only ten software systems were tested in the experiments reported

in this chapter, which makes it unreasonable to adopt statistical inference tests. This

limitation is addressed in Chapter 4, where the comparison between MQ and the structural

MDL-based approach (HMD) is repeated on 21 sub-modules, with statistically significant

differences in the normalized tree edit distance (Section 4.5.4.2).

1 Link to repo: https://github.com/leocrantunes/hierarchical-smc
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3.6 Final remarks

This chapter presented the experiments conducted on hierarchical clustering

using MDL as a driver function to improve hierarchical structures. We have combined

the HAC algorithm with MDL and compared the results with the ones generated by

another driver function, MQ – widely used in the literature. The comparisons focused on

measuring the authoritativeness of the approaches, comparing the solutions they

proposed on an instance basis to those proposed by the developers. Overall, we noticed

that MDL generated solutions are closer to those proposed by the developers than the

ones suggested by MQ. However, there is still room for improvement.

Addressing RQ1, the experimental evidence confirms that using a hierarchical

representation guided by the MDL metric improves the quality of the generated solutions

compared to the non-hierarchical MQ baseline. This overall improvement is demonstrated

across all evaluated dimensions:

• Regarding the number of packages, MDL avoided the over-fragmentation

produced by MQ, resulting in a balanced package count closer to the developers’

reference designs.

• In terms of the average number of classes per package, MDL produced more

cohesive, better-populated groupings than the isolated, sparse packages

characteristic of MQ.

• For maximum depth, MDL generated multi-level nested hierarchies, whereas MQ

was restricted to a flat structure. However, after discounting the naming levels that

precede each sub-module, these hierarchies were deeper than those designed by the

developers in most instances.

• When evaluating authoritativeness via MoJoFM, MDL consistently outperformed

MQ, indicating that it is structurally closer to the DEV distributions.
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• From a change-history perspective, the single-package commits ratio showed

that MDL grouped classes that are changed together more effectively than MQ,

approaching the baseline set by developers.

• Finally, the average number of packages affected per commit indicated that

MDL solutions spread the analyzed commits over fewer packages than MQ

solutions.

Despite these improvements, the structural analysis revealed that some MDL

solutions (such as the JMA instance) still exhibited discrepancies compared to the

reference architecture. This divergence occurs because static structural dependencies

alone cannot fully capture the implicit conceptual relationships within the developers’

mental model. To bridge this remaining gap, we decided to look beyond static code

analysis and examine how software actually evolves in practice. Consequently, the next

chapter introduces an approach that enriches the hierarchical clustering algorithm with

data extracted from the project’s change history – specifically, using co-modification

frequencies from version-control commits to guide the decomposition.
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4 HIERARCHICAL CLUSTERING USING COMMIT
DATA

This chapter presents the core contribution of this thesis: the use of
co-change relationships between classes, modeled by the Commit
Relation Graph (CRG), to guide search-based hierarchical Software
Module Clustering. It details the CRG construction, its integration into
the MDL-based clustering algorithm, and provides a quantitative and
qualitative evaluation showing that these relationships bring the
generated decompositions closer to those proposed by developers. This
chapter addresses RQ2.

4.1 Introduction

Chapter 3 has shown that an optimization driven by MDL for hierarchical

software clustering generates solutions that are structurally closer to developer-authored

decompositions than those guided by the non-hierarchical metric MQ. However, there is

still room for improvement. For all instances analyzed in Chapter 3, the MDL-based

approach achieved MoJoFM values from 35.5 (instance JMA) to 69.0 (instance JGP).

Since MoJoFM is a normalized metric in which 100 represents a perfect match to the

authoritative decomposition, these results indicate that the solutions generated by the

optimization process still required 31% to 64.5% of the maximum possible

move-and-join operations to reach the developers’ structure.

Because these results were obtained using only structural dependencies, they

suggest that part of the remaining discrepancy may be due to information not reflected in

the system’s static dependency graph. In other words, the portion of the decomposition

that the optimization was unable to recover may be due to complementary forms of

associations between classes – beyond structural relationships – to approximate more

closely the decomposition intended by the developers.
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Developers often group classes that implement related features or domain

concepts, even when these classes do not depend directly on each other. In such cases,

the relationship between the classes is conceptual rather than structural: they share a

feature, contribute to the same functionality, or belong to the same domain concept.

Because this type of association does not manifest as a static dependency, it is not

captured by structural analyses of the source code and, therefore, does not influence

coupling or cohesion metrics derived solely from structural data.

A complementary source of information on such conceptual relationships can be

found in the project’s change history. When developers implement a feature or fix a

defect, they typically modify all relevant classes in a single transaction (a commit). Over

time, files that consistently appear together in commits tend to be associated with the

same concepts or features. Thus, examining how files are modified together throughout

the project’s change history allows us to identify relationships among classes that are not

captured by the static dependencies alone.

Figure 4.1: The hypothetical software system used in the following sections to illustrate
the proposed approach.
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These observations motivated us to extend the clustering process by

incorporating information derived from the project’s change history alongside the

structural data. Our goal is to generate decompositions that more accurately represent

the system’s conceptual architecture and align more closely with the developers’

intended code organization. This motivation led to the Commit Relation Graph (CRG), a

representation that captures relationships among classes based on how they are modified

together in commits. The following sections present the construction of the CRG, its

integration into the MDL-based clustering algorithm, and an experimental evaluation

comparing the proposed approach with a purely structural baseline.

In the following sections, we illustrate the proposed approach using an example

(Figure 4.1). The hypothetical software system is comprised of eight classes (m1 to m8),

organized hierarchically in five packages (c0, c1, c2, c1-1, c2-1). The connections

between classes represent the structural dependencies among them, as in an MDG.

4.2 The Commit Relation Graph (CRG) Model

4.2.1 Identifying relationships from the project’s change history

To capture the associations among classes described in Section 4.1, we introduce

a new representation for a software project: the Commit Relation Graph (CRG). In

contrast to the Module Dependency Graph (MDG) and the Hierarchical Module

Decomposition (HMD) described in Chapter 2 and used in the experimental studies

reported in Chapter 3, which employ directed edges to represent structural dependencies

among classes, the CRG is a weighted, complete, and undirected graph. It is defined as

follows:

• Nodes represent the classes of the system;

• Edges exist between every pair of nodes, indicating that a relationship between the

corresponding classes can be quantified from the project’s change history;
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• Edge weights quantify the strength of the relationship between the two classes

connected by the edge. The weight is a numeric value between 0 and 1, computed

from the frequency with which the pair of classes is modified together in the same

commits.

The graph is undirected because the relationship “modified together” is

symmetric: if class A is modified together with class B, then B is likewise modified

together with A. The graph is complete because it is possible to compute a numeric

relationship value for any pair of classes in the system. Figure 4.2 depicts the CRG for

the example system shown in Figure 4.1; edge labels display the computed weights (also

seen in Table 4.1). The procedure for calculating edge weights for a real software system

is described in Subsection 4.2.3.

Figure 4.2: Example of a Commit Relation Graph (CRG) with eight classes.
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4.2.2 Representing the Commit Relation Graph

The computational representation of the CRG requires careful consideration of

memory allocation, especially for systems with a large number of classes. To store the

data efficiently, we use an adjacency matrix and keep only the upper triangular portion.

This is feasible because the CRG is an undirected graph, meaning that the data would be

redundant above and below the matrix’s main diagonal (m1→ m2 is equal to m2→ m1).

Furthermore, we can discard the main diagonal itself, as the association of a class with

itself is maximal (a class is always committed along with itself) and is represented as one.

This approach reduces the memory required to store the CRG by more than half. Table

4.1 shows how the matrix looks in the example graph.

Table 4.1: Adjacency matrix of an example graph with eight classes.

m1 m2 m3 m4 m5 m6 m7 m8
m1 – 0.31 0.31 0.25 0.15 0.14 0.31 0.15
m2 – – 0.23 0.27 0.15 0.15 0.33 0.08
m3 – – – 0.75 0.15 0.07 0.23 0.08
m4 – – – – 0.08 0.08 0.08 0.09
m5 – – – – – 0.27 0.36 0.27
m6 – – – – – – 0.15 0.17
m7 – – – – – – – 0.63
m8 – – – – – – – –

To avoid using a two-dimensional array to represent the matrix (and, consequently,

unnecessary space), we define a convention and store the weights in a one-dimensional

array in major-column order, i.e., column-by-column. The size of the array will always

be equal to [N× (N−1)]/2. To access the data, we use Formula 4.1 defined below, where

M is the matrix value, i is the row, and j is the column, with 1≤ i < j ≤ N.

M(i, j) = array
[
( j−1)( j−2)

2
+(i−1)

]
(4.1)

Table 4.2 illustrates how the data for the adjacency matrix presented in Table 4.1

is stored in a one-dimensional array. The first column in the table shows the indices in the

array, the second shows the corresponding matrix indexes (row-column syntax), the third
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shows the corresponding edge (with the participating classes), and the fourth presents the

edge weights (relationship strength between the two classes). Also, note that the array

contains 28 positions. This is because, for a CRG with eight classes, the size of the array

will be equal to [8× (8−1)]/2 = 28.

To illustrate the calculation of the corresponding array index for a given element

in the matrix, consider retrieving the weight of the m2–m4 edge. In this case, the row in

the matrix corresponding to m2 (i) is 2, and the column corresponding to m4 ( j) is 4.

Substituting these values into Formula 4.1, the corresponding array index is 4

(Formula 4.2). Therefore, the retrieved weight is 0.27.

(4−1)(4−2)
2

+(2−1) =
3×2

2
+1 = 4 (4.2)

4.2.3 Calculating the weights of the edges

The procedure to build the CRG consists of two main steps. First, commits are

preprocessed to eliminate those irrelevant to the analysis. Second, the remaining commits

are analyzed to obtain the sets that modified each class pair, and the counts are normalized

using a standard similarity metric to derive the edge weight.

Preprocessing of commits. Before counting occurrences, commits are preprocessed to

reduce noise and to ensure that only relevant modification events are considered. The

performed preprocessing includes the following operations:

• Exclude commits that do not modify source files of the classes under examination,

since some commits might only touch metadata or classes related to a different

sub-module;

• Resolve file renames and moves so that the history is tracked under a stable class

identifier; when necessary, we map historical file paths to current class identifiers.

Counting and normalization. Let C(mi) denote the set of commits in which class mi is

modified. For any pair of classes (mi,m j), the number of commits in which they appear
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Table 4.2: Adjacency matrix one-dimensional array for example graph with eight classes
(upper triangular form).

Array index Matrix index Edge Weight
0 1–2 m1–m2 0.31
1 1–3 m1–m3 0.31
2 2–3 m2–m3 0.23
3 1–4 m1–m4 0.25
4 2–4 m2–m4 0.27
5 3–4 m3–m4 0.75
6 1–5 m1–m5 0.15
7 2–5 m2–m5 0.15
8 3–5 m3–m5 0.15
9 4–5 m4–m5 0.08
10 1–6 m1–m6 0.14
11 2–6 m2–m6 0.15
12 3–6 m3–m6 0.07
13 4–6 m4–m6 0.08
14 5–6 m5–m6 0.27
15 1–7 m1–m7 0.31
16 2–7 m2–m7 0.33
17 3–7 m3–m7 0.23
18 4–7 m4–m7 0.08
19 5–7 m5–m7 0.36
20 6–7 m6–m7 0.15
21 1–8 m1–m8 0.15
22 2–8 m2–m8 0.08
23 3–8 m3–m8 0.08
24 4–8 m4–m8 0.09
25 5–8 m5–m8 0.27
26 6–8 m6–m8 0.17
27 7–8 m7–m8 0.63

together is |C(mi)∩C(m j)|, and the number of commits in which at least one appears is

|C(mi)∪C(m j)|. We normalize these counts using the Jaccard similarity coefficient, a

standard measure of set similarity. It is defined as in Formula 4.3. The Jaccard coefficient

yields values in the [0,1] interval.
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w(i, j) =
|C(mi)∩C(m j)|
|C(mi)∪C(m j)|

(4.3)

A weight w(i, j) close to 1 indicates that the two classes are almost always

modified in the same commits (strong association). In contrast, a weight close to zero

indicates classes are never or seldom modified together in the change history (weak or no

association). We therefore treat w(i, j) as a quantitative measure of the strength of the

relationship between classes.

To illustrate the computation, Listing 4.1 shows a single commit from the project’s

change history. This is the initial commit of the example system, which is why all file

entries are marked with the letter A, indicating that the files were added to the repository.

The full history includes additional commits that modify subsets of these files; however,

they are not shown here for brevity (see Appendix A). Each commit begins with a commit

identifier (appearing in the first line), followed by metadata such as the author, date, and

an optional comment.

1 commit #01
2 Author: Leo Antunes <leo.antunes@edu.unirio.br>
3 Date: Mon Mar 17 22:02:39 2025 +0000
4 Comment: commit inicial
5

6 A c0/c1/c1 -1/m1.java
7 A c0/c1/m2.java
8 A c0/c1/c1 -1/m3.java
9 A c0/c1/m4.java

10 A c0/c2/c2 -1/m5.java
11 A c0/c2/c2 -1/m6.java
12 A c0/c2/m7.java
13 A c0/c2/c2 -1/m8.java

Listing 4.1: Example of a commit.

Based on the complete set of commits (including those not shown), Table 4.3

presents the commit sets associated with classes m1 and m2. The union of these sets

contains 13 commits, and the intersection contains 4 commits. Applying Formula 4.3

yields w(m1,m2) = 4/13≈ 0.31, consistent with the corresponding entry in Table 4.1.
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Table 4.3: Example of Jaccard similarity calculation between two classes.

Class Commits
m1.java 01, 04, 05, 07, 08, 12, 14, 15, 18
m2.java 01, 09, 11, 14, 15, 16, 18, 19
Union (total) 01, 04, 05, 07, 08, 09, 11, 12, 14, 15, 16, 18, 19
Intersection (common) 01, 14, 15, 18
Total commits in union 13
Common commits 4
Jaccard similarity 4/13≈ 0.31

4.3 Integrating CRG into the MDL-based clustering algorithm

To incorporate information from the project’s change history, we transform the

Commit Relation Graph (CRG) into a sparse, unweighted representation that can be

integrated with structural dependencies. This integration is performed through a

threshold-driven selection procedure.

Given a CRG with N× (N−1)/2 edge weights, we define a parameterized set of

change-related edges, Echanges
S , based on a percentile p∈ [0,100]. For instance, a selection

at the 75th percentile (p = 75) corresponds to the top 25% strongest relationships in the

CRG. Accordingly, the configurations HMD+
25, HMD+

50, and HMD+
75 evaluated in Section

4.5 include, respectively, the 75%, 50%, and 25% strongest relationships of the CRG.

For a chosen value of p, we compute the threshold tp of the CRG’s weight distribution

(according to Section 4.2). Formally:

Echanges
S = {(mi,m j) ∈CRG | w(i, j)≥ tp}. (4.4)

The resulting change-related edges are incorporated into the system’s

representation by extending the HMD definition presented in Section 2.2. We define the

Enhanced HMD of a system S for a given percentile p, denoted as HMD+
p , by redefining

its dependency set as a multi-view collection of edges that includes both the structural

dependencies found in the source code and the dependencies derived from the change

history. Therefore, HMD+
p = ⟨TS,ES∪Echanges

S ⟩, where:
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• ES represents the static dependencies extracted via source code analysis (e.g.,

method calls and inheritance), as in the original HMD;

• Echanges
S represents the change-related edges selected from the CRG according to

Equation 4.4, which capture implicit relationships between pairs of classes based

on how frequently they are modified together in the project’s version control history.

By evaluating HMD+
p , the Ψ fitness function takes into account both the structural

dependencies and the change history of the software during the optimization process.

Figure 4.3 illustrates the HMD+
75 for our example system, which includes only

change-related edges with Jaccard weights of at least 0.27. In this figure, dashed edges

represent relationships derived from the CRG, while solid edges represent original

structural dependencies.

Figure 4.3: Example of an enhanced HMD.

The construction of the HMD+
p follows three fundamental integration rules:

• Single dependency mapping: Although CRG relationships are conceptually

symmetric, they are incorporated into the HMD+
p as single directed edges
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(mi → m j) where i < j. This approach was taken to avoid over-weighting the

graph with two distinct edges, since one connection would be enough for

strengthening the relationship among the classes;

• Multi-view graph dependencies: The final dependency set in the HMD+
p is the

union of static structural edges (ES) and the set of threshold-bounded,

change-related edges (Echanges
S ), and they are treated equally by the algorithm;

• Reinforcement of existing dependencies: If a structural dependency is already

present for a given pair of classes, the CRG-derived edge is likewise added. This

intentional duplication strengthens the relationship between the classes in the

enhanced graph, reflecting both structural interaction and evidence from the

project’s change history.

This mechanism impacts the Ψ complexity metric. In the MDL formulation

(Equation 2.9), the description length is calculated based on the frequency of interactions

( fn) of each class. By adding CRG edges alongside structural ones, we effectively

increase the “information density” between specific classes.

For the HAC∗ algorithm, which seeks to minimize Ψ at each merge step, these

reinforced links act as attractors. Mathematically, the bit cost1 of separating classes with

reinforced links across different packages is significantly higher than separating classes

connected by only a single source. This occurs because the MDL principle uses optimal

prefix codes, where high-frequency interactions (those with higher fn) are assigned

shorter bit-string representations to minimize the overall description. Forcing such

frequent interactions into cross-package dependencies requires a more verbose encoding

to identify the target modules across different packages, thereby increasing the total

number of bits required to describe the system. Consequently, because the HAC∗

algorithm is greedy, it prioritizes merging these high-frequency pairs early in the process

to achieve the largest possible reduction in the total description length.

1 bit cost is defined as the specific contribution of an architectural decision to the total message length Ψ
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To illustrate the threshold mechanism, Table 4.4 presents the edge weights of the

example system sorted in ascending order. The threshold values for CRG25, CRG50, and

CRG75 – corresponding to the 25th, 50th, and 75th percentiles – are 0.09, 0.15, and 0.27,

respectively. These values determine which edges are included in each HMD+
p

configuration.

Table 4.4: Jaccard similarity values between classes, grouped by CRG.

Source Target Jaccard CRG CRG25 CRG50 CRG75

m3 m6 0.07 ✓

m2 m8 0.08 ✓

m3 m8 0.08 ✓

m4 m7 0.08 ✓

m4 m5 0.08 ✓

m4 m6 0.08 ✓

m4 m8 0.09 ✓ ✓

m1 m6 0.14 ✓ ✓

m1 m5 0.15 ✓ ✓

m1 m8 0.15 ✓ ✓

m2 m5 0.15 ✓ ✓

m2 m6 0.15 ✓ ✓

m3 m5 0.15 ✓ ✓

m6 m7 0.15 ✓ ✓ ✓

m6 m8 0.17 ✓ ✓ ✓

m2 m3 0.23 ✓ ✓ ✓

m3 m7 0.23 ✓ ✓ ✓

m1 m4 0.25 ✓ ✓ ✓

m2 m4 0.27 ✓ ✓ ✓

m5 m6 0.27 ✓ ✓ ✓

m5 m8 0.27 ✓ ✓ ✓ ✓

m1 m2 0.31 ✓ ✓ ✓ ✓

m1 m3 0.31 ✓ ✓ ✓ ✓

m1 m7 0.31 ✓ ✓ ✓ ✓

m2 m7 0.33 ✓ ✓ ✓ ✓

m5 m7 0.36 ✓ ✓ ✓ ✓

m6 m8 0.63 ✓ ✓ ✓ ✓

m3 m4 0.75 ✓ ✓ ✓ ✓
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4.4 Optimization over the HMD+
p configuration

Once the dependency set ES ∪ Echanges
S is established for a specific percentile

configuration p, the search for the optimal hierarchical structure is performed. As in the

purely structural case (Equation 2.11), the objective is to find the tree structure T ∗ that

minimizes the complexity of the enhanced dependency set:

T ∗ = argmin
T

Ψ(TS,ES∪Echanges
S ) (4.5)

This process uses the MDL-based Hierarchical Agglomerative Clustering (HAC∗)

algorithm, as introduced in Section 3.2, now operating over the multi-view dependencies

of the Enhanced HMD.

The optimization is driven by minimizing the complexity measure Ψ. During each

iteration, the algorithm evaluates all possible merges between packages and calculates the

resulting description length in bits. In the HMD+
p context, the fitness function treats

structural and version control dependencies as distinct edges in the same graph.

The presence of reinforced edges – where a pair of classes share both static and

CRG-derived links – has a decisive impact on the greedy behavior of HAC∗. Because

Ψ is sensitive to the frequency of interactions within a package ( fn in Equation 2.10),

reinforced links act as high-frequency signals. These signals create a significant penalty,

measured in bits in the message, for separation; consequently, the optimizer is biased

toward grouping these high-confidence pairs early in the clustering process.

After the agglomerative phase reaches a local minimum, the algorithm performs

the HAC∗ refinement steps – handling child-package additions and structural cleanup – to

ensure the resulting T ∗ is an optimized, non-flat hierarchy.

4.5 Quantitative evaluation of the approach

We conducted an experimental study to evaluate whether incorporating commit

history through the HMD+
p representation improves hierarchical clustering of software

modules compared to using structural dependencies alone. This evaluation aims to

83



determine whether data from change history effectively bridges the gap identified in the

purely structural MDL approach. The study is organized into four subsections: research

question and metrics (4.5.1), an illustrative example on how the metrics are applied

(4.5.2), the instance selection process (4.5.3), and a comparative analysis using the

predefined metrics (4.5.4).

4.5.1 Research Questions and Metrics

This experimental study addresses RQ2: Does incorporating data from the

software’s change history to capture implicit relationships between classes improve the

quality of hierarchical software decompositions?

To answer this question, we evaluate whether incorporating change history

information through HMD+
p representations produces hierarchical decompositions that

are closer to the developer-authored (DEV ) distributions than those produced by

structural dependencies alone. We assess the generated solutions from two

complementary perspectives, using the metrics described below. The first is

authoritativeness – the degree to which a decomposition aligns with the developers’

intended organization – measured by the number of packages (NP) and the tree edit

distance (ZSS) to DEV. As usual in the SMC literature (Anquetil et al., 1999; Wen et al.,

2004; Barros et al., 2015), we adopt the developers’ decomposition as the reference. We

do not assume that DEV is optimal; rather, it is the organization adopted by the

developers who maintain each system and, therefore, the best available proxy for the

organization this thesis aims to approximate. The second perspective is change

localization, measured by SPCR and APC. For these metrics, DEV serves as a baseline

rather than as a target: a decomposition may localize past changes better than the

developers’ one, as observed in Chapter 3 for the JMA instance, whose MDL solution –

obtained without any change-history data – outperformed DEV on both metrics.

• Number of packages (NP): This metric counts the total number of packages in the

resulting solution. To accurately reflect the depth of hierarchical decompositions,

nested packages are counted independently. For instance, if package A contained
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packages A1 and A2, the number of packages would be three: A, A1, and A2. This

allows for a fair comparison between the flat packages produced by MQ and the

nested structures produced by MDL and DEV ;

• Tree Edit Distance (ZSS): We use the tree edit distance algorithm developed by

Zhang and Shasha (Zhang, K. et al., 1989). This metric calculates the minimum

cost to transform one ordered and labeled tree into another through a series of three

fundamental operations:

– Insert: Adds a new node (a class or a package) to the tree;

– Delete: Removes a node from the tree;

– Rename (or Relabel): Changes the label of a node. In our context, this is

equivalent to moving a class from one package to another.

The number of operations required to transform one tree into another represents

the “distance” between these trees. A lower distance implies that the two

hierarchical decompositions are similar. The comparison considers classes as

leaves and packages as internal nodes.

While MoJoFM is a standard metric for evaluating flat software clustering, it is

less suited to comparing hierarchical structures as it primarily measures the number

of move and join operations required to align two partitions, without considering

the nested package structure. The ZSS tree edit distance, by contrast, is designed

to compare tree structures, making it a more appropriate metric for evaluating the

authoritativeness of the hierarchical decompositions.

• Single-package commits ratio (SPCR): This metric calculates the percentage of

commits in which all modified classes belong to a single package, according to a

given decomposition, to the number of commits. A higher ratio suggests that the

algorithm grouped classes that evolve together. A “good” clustering should group

classes that change together into the same package, thereby maximizing this value

and reflecting better modularity from a maintenance perspective;
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• Average number of packages affected per commit (APC): Complementary to the

ratio above, this metric measures the mean number of packages modified in each

commit across the project’s history. While the previous ratio indicates how often

changes are perfectly localized to a single package, this average provides a broader

view of how many packages these modifications are being distributed across.

The average number of classes per package and maximum tree depth metrics

used in the experimental analysis reported in Chapter 3 are not used in this experiment

because the first is linearly dependent on the number of packages metric and the second

is indirectly captured by the tree edit distance metric.

4.5.2 Illustrative Example: Metrics Calculation

To provide a clear understanding of the proposed evaluation framework, this

section applies the metrics to the hypothetical system introduced in Figure 4.1 along

with an alternative decomposition hypothetically proposed by the optimization algorithm

(Figure 4.4). Furthermore, Figure 4.5 shows the hierarchical decomposition trees for

both solutions.

Number of Packages (NP): The scale of the decomposition is determined by counting

every internal node (package) in the decomposition tree.

• HMD decomposition: Organizes classes into a root c0, containing c1 (parent of

c1−1) and c2. Therefore, we have four packages, {c0,c1,c2,c1−1}, and NP = 4;

• DEV decomposition: Organizes classes into a root c0, with child packages c1

(parent of c1−1) and c2 (parent of c2−1). Therefore, we have five packages,

{c0,c1,c2,c1−1,c2−1}, and NP = 5.

Tree Edit Distance (ZSS): The Zhang-Shasha algorithm quantifies the effort required

to transform the algorithmic solution (HMD) into the authoritative design (DEV ). In this
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Figure 4.4: Comparison between the authoritative decomposition (DEV ) and an
algorithmic solution (HMD).
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Figure 4.5: Comparison between the authoritative decomposition tree (DEV ) and an
algorithmic solution tree (HMD).

example, the transformation requires 7 operations, resulting in a distance of 7, as detailed

in Table 4.5.

Table 4.5: ZSS Transformation Operations (HMD→ DEV )

Step Operation Description

1 DELETE Remove m4 from c0
2 INSERT Add m4 as a child of c1
3 DELETE Remove m5 from c0
4 INSERT Add m5 as a child of c2−1
5 DELETE Remove m8 from c0
6 INSERT Add m8 as a child of c2−1
7 INSERT Add c2−1 as a child of c2 (“adopts” m6)

The Zhang-Shasha algorithm (ZSS) identifies the minimum-cost sequence of edit

operations to transform the HMD tree into the DEV tree, strictly enforcing that ancestor-

descendant relationships are preserved “if and only if” they existed in the source tree. In

this specific case, the relocation of nodes m4, m5, and m8 needs a break in their original

hierarchy relative to the root c0, as they move into new sub-trees. The relocation of node
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m6 from a direct child of c2 to a child of the newly inserted c2−1 is a formal structural

consequence of the insertion operation itself.

According to the definition of tree insertion (Zhang, K. et al., 1989, Section 2.1),

adding a node n as the child of n′ automatically makes n the parent of a “consecutive

subsequence” of n′’s existing children. Consequently, when c2−1 is inserted under c2 in

Step 7, the algorithm defines a subsequence including m6, causing c2−1 to “adopt” it as

a descendant. This allows m6 to reach its target position as an atomic side effect of the

insertion of its new parent. Since m7 is already a child of c2, it is not touched.

Single-package commits ratio (SPCR): Table 4.6 shows the class-to-package mapping

for each decomposition, while Table 4.7 presents the detailed analysis of the 20 commits.

A checkmark (✓) indicates that all classes in the commit belong to a single package in

that specific decomposition.

Table 4.6: Class-to-Package mapping for the DEV and HMD decompositions.

Class DEV Package HMD Package
m1, m3 c1-1 c1-1
m2 c1 c1
m4 c1 c0
m5, m8 c2-1 c0
m6 c2-1 c2
m7 c2 c2

• HMD decomposition: With zero commits affecting classes from a single package

out of 20 commits, the SPCR for this decomposition is 0.0%;

• DEV decomposition: With three commits affecting classes from a single package

out of 20 commits, the SPCR for this decomposition is 15.0%.

Average number of packages affected per commit (APC): Table 4.7 shows the

packages involved in each of the 20 commits for both the DEV and HMD

decompositions. We count 44 packages in the DEV distribution and 49 packages in the

HMD distribution. Therefore, we have:
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Table 4.7: Commit-by-Commit analysis for the DEV and HMD decompositions.

# Classes DEV Packages Involved DEV Single? HMD Packages Involved HMD Single?
01 All {c1-1, c1, c2-1, c2} – {c1-1, c1, c0, c2} –
02 m3, m4 {c1-1, c1} – {c1-1, c0} –
03 m6, m8 {c2-1} ✓ {c2, c0} –
04 m1, m5, m7 {c1-1, c2-1, c2} – {c1-1, c0, c2} –
05 m1, m3, m4 {c1-1, c1} – {c1-1, c0} –
06 m3, m5, m7 {c1-1, c2-1, c2} – {c1-1, c0, c2} –
07 m1, m3, m7 {c1-1, c2} – {c1-1, c2} –
08 m1, m3, m4 {c1-1, c1} – {c1-1, c0} –
09 m2, m3, m4 {c1, c1-1} – {c1, c1-1, c0} –
10 m5, m6 {c2-1} ✓ {c0, c2} –
11 m2, m7 {c1, c2} – {c1, c2} –
12 m1, m6, m8 {c1-1, c2-1} – {c1-1, c2, c0} –
13 m5, m6, m8 {c2-1} ✓ {c0, c2} –
14 m1, m2, m7 {c1-1, c1, c2} – {c1-1, c1, c2} –
15 m1, m2 {c1-1, c1} – {c1-1, c1} –
16 m2, m6, m7 {c1, c2-1, c2} – {c1, c2} –
17 m5, m7, m8 {c2-1, c2} – {c0, c2} –
18 m1, m2, m5 {c1-1, c1, c2-1} – {c1-1, c1, c0} –
19 m2, m3, m4 {c1, c1-1} – {c1, c1-1, c0} –
20 m6, m7, m8 {c2-1, c2} – {c2, c0} –

• HMD decomposition: APC = 49/20 = 2.45;

• DEV decomposition: APC = 44/20 = 2.20.

The comparison between the DEV and HMD decompositions through SPCR and

APC metrics highlights the impact of modular organization on maintenance effort. In this

hypothetical scenario, the DEV structure proved superior for SPCR, achieving a measure

of 15.0% and containing three distinct maintenance tasks (commits 03, 10, and 13) within

a single package. Conversely, there were no commits (0.0%) involving a single package

in the HMD decomposition, which would require developers to cross package boundaries

for every task in the history.

This discrepancy is further reinforced by the APC metric, which indicates that

DEV affects fewer packages on average (2.20) than HMD (2.45). In this example, the

DEV design groups the classes that change together more effectively, involving fewer

packages per commit.
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4.5.3 Problem Instance Selection

We have selected a set of software systems for this study. They were selected

based on the following criteria:

• Open-source software: we chose open-source libraries due to the availability of the

source code, which is necessary to execute and evaluate the proposed approach;

• Source code is available through a Git repository: because we needed to evaluate

project change history, we selected systems that store their source code in Git

repositories. Git is one of the most popular version control systems in use today;

• Source code is primarily written in Java language: we decided to evaluate

Java-based systems due to the availability of tools to extract project metadata

automatically from the compiled code;

• Different numbers of classes and packages: to evaluate the proposed approach in

different scenarios and scales, we picked systems with varying sizes, measured as

the number of classes and packages (from tens to a few hundreds);

• Usage and recent activity: we also considered the number of stars and forks, as

well as the last update date. We excluded projects with fewer than 1,000 stars and

last updated more than 1 year ago. We also discarded forks, as they received little

community attention.

Table 4.8 presents the selected systems, their descriptions, versions, and Git

repository links. We chose to work with a limited number of classes and packages for the

studies reported in this chapter because of the time required to run the Hierarchical

Agglomerative Clustering (HAC) algorithm on large instances with many modules and

edges, particularly when the MDL fitness function was used. Therefore, we extracted

sub-modules with up to 200 classes from each of the selected systems. The limit was set

to ensure that each instance’s optimization could run for up to 5 hours. Table 4.9 shows

the selected sub-modules and their number of classes and packages.
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Table 4.8: Investigated software systems

Software system Description Version Repository
AEP Core A core library providing

interfaces for managing and
deploying applications to
Google App Engine.

0.10.0 https://github.com/GoogleCloudPlatform
/appengine-plugins

Elastic Search A free, distributed, and
RESTful search engine.

9.1.0 https://github.com/elastic/elasticsearch

JavaCC A generator for building
parsers from grammars.

7.0.14 https://github.com/javacc/javacc

JavaGeom Java library to handle
geometric calculations.

0.11.3 https://github.com/dlegland/javaGeom

Joda Money Java library to represent
monetary amounts.

2.0.3 https://github.com/JodaOrg/joda-money

JUnit The 5th major version of the
programmer-friendly testing
framework for Java.

5.10.1 https://github.com/junit-team/junit5

JMetal Java library for multi-
objective optimization with
metaheuristics.

6.2.2 https://github.com/jMetal/jMetal

JGit An implementation of the
Git VCS in Java.

6.8.0 https://github.com/eclipse-jgit/jgit

Log4J A logging API and backend
for Java.

2.21.1 https://github.com/apache/logging-log4j2

Lucene Apache Lucene open-source
search software.

11.0.0 https://github.com/apache/ lucene

The initial pool of candidate systems was identified through established research

in Software Module Clustering (Pinto, 2014; Monçores et al., 2018). However, because

our methodology relies on change history data to construct the CRG, we filtered the list

to include only projects with accessible GitHub version control history. To ensure a

sufficiently diverse and active dataset, we expanded our search to include GitHub-hosted

projects that met the technical requirements described above, concerning programming

language (Java), project size, and community activity. This refinement process led to the

final selection of the 21 sub-modules detailed in Table 4.9.
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Table 4.9: Investigated systems/sub-modules ordered by the number of classes.

ID Software system Sub-module Classes Packages
LUC Lucene Codecs 207 8
JCC JavaCC - 190 6
LJA Log4J API 181 7
LUH Lucene Highlighter 166 4
AEP AEP Core 162 17
JGE JavaGeom - 159 20
LJL Log4J Layout 150 3
JPE JUnit Platform Engine 135 9
JJE JUnit Jupiter Engine 129 8
JGP JGit PGM 121 5
JPL JUnit Platform Launcher 115 6
ELN Elastic Search Native 66 4
ELC Elastic Search Core 63 3
JGH JGit HTTP 61 3
ELG Elastic Search Geo 58 3
JML JMetal Lab 54 13
LUN Lucene Nori 47 3
JGL JGit LFS 41 4
JMO Joda Money - 28 2
LJI Log4J IO Streams 26 2
LJJ Log4J JPA 23 2

It is important to note the evolution of the dataset between the initial structural

study presented in Chapter 3 and the change-history evaluation conducted in this chapter.

Three sub-modules analyzed in Chapter 3 – specifically JMA (JMetal Auto), JMC (JMetal

Component), and JGS (JGit SSH) – were not included in Table 4.9. While these instances

provided valuable insights under static structural optimization (e.g., highlighting semantic

domain boundaries in JMA), our hybrid methodology requires a sufficiently dense and

active modification history to construct a meaningful Commit Relation Graph (CRG).

A preliminary analysis of the version-control logs revealed that JMA, JMC, and

JGS exhibited relatively sparse co-modification matrices, dominated by single-class

commits or structural re-organizations that would yield uninformative edge weights

(w(i, j) ≈ 0) across the percentile thresholds (CRGp). So these sub-modules were
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replaced with alternative components from the same parent projects – namely JML

(JMetal Lab) and JGL (JGit LFS).

4.5.4 Comparative Analysis

To evaluate the proposed approach, we conducted a comparative analysis across

five distinct experimental configurations. In this study, we distinguish between the

representation of the software system and the fitness function that drives the HAC∗

optimization. The scenarios are defined as follows:

• MQ (Flat Baseline): Represents the traditional non-hierarchical approach. It

employs the Modularization Quality (MQ) fitness function to evaluate the system’s

Module Dependency Graph (MDG), as established in Chapter 3;

• HMD (Hierarchical Structural Baseline): Utilizes the complexity metric Ψ,

based on the Minimum Description Length (MDL) principle, to evaluate a standard

Hierarchical Module Decomposition representation. This configuration considers

only the static structural dependencies of the source code;

• HMD+
25, HMD+

50, and HMD+
75 (Enhanced HMD): These configurations use the

complexity metric Ψ (Equation 2.9) to evaluate an Enhanced HMD representation

(HMD+
p ), which incorporates both static structural dependencies and modification

dependencies derived from the Commit Relation Graph (CRG). The variants

(HMD+
25, HMD+

50, and HMD+
75) correspond to the percentile thresholds used to

filter change-history associations.

The results from these configurations were compared with the DEV

representation, the authoritative hierarchical decomposition proposed by the software

developers. Next, we detail the results for each metric.

94



4.5.4.1 Number of packages

We present the raw data for the package counts across all investigated systems

and configurations (DEV , MQ, HMD, and HMD+
p ) in Table 4.10. We observe large

differences in the number of packages across solutions.

To statistically validate the observed differences, we performed a Kruskal-Wallis

test across the six experimental configurations (n = 126 observations). The test yielded a

significant result (H(5) = 83.002, p < 0.001), providing evidence that the choice of

fitness function and system representation affects the scale of the resulting modular

decomposition. This allows us to reject the null hypothesis that the distributions of

package counts are identical across all algorithms, justifying a deeper analysis of the

specific architectural biases inherent in each approach.

Furthermore, to illustrate the differences in the number of packages, we plotted

a boxplot (Figure 4.6) and a heatmap (Figure 4.7). To assess performance relative to

the DEV distributions in the heatmap, we evaluate each algorithm using a proportional

ratio. The Ratio, displayed as numeric text in heatmap cells, represents the size of an

algorithm’s decomposition relative to the developer’s baseline. A ratio of 1.0 indicates a

perfect match in the number of packages. This is defined in Equation 4.6.

Ratio = round
(

PackagesAlgorithm

PackagesDEV
,2
)

(4.6)

The heatmap’s color gradient visually emphasizes the magnitude of the differences

in the number of packages – darker cells indicate a greater divergence from the ideal ratio

of 1.0, regardless of whether the algorithm over-fragmented or under-approximated.
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Table 4.10: Number of packages for the distributions of classes into packages produced
by different algorithms for the selected instances.

Project DEV MQ HMD HMD+
25 HMD+

50 HMD+
75

AEP 17 87 36 4 6 7
ELC 3 37 17 5 8 11
ELG 3 27 10 5 5 5
ELN 4 33 11 4 5 9
JCC 6 83 16 3 4 10
JGE 20 72 22 3 5 6
JGH 3 33 21 7 12 12
JGL 4 21 6 4 4 7
JGP 5 58 22 5 8 10
JJE 8 70 30 4 5 10
JML 13 26 11 5 4 6
JMO 2 13 5 4 5 5
JPE 9 69 28 5 5 9
JPL 6 60 26 6 8 10
LJA 7 95 39 5 5 9
LJI 2 15 11 4 4 4
LJJ 2 13 5 5 5 6
LJL 3 72 31 5 8 12
LUC 8 108 42 4 9 12
LUH 4 89 29 3 5 8
LUN 3 25 13 6 7 8

Min 2 13 5 3 4 4
Mean 6 53 21 5 6 8
Std. Dev. 5 30 11 1 2 2
Max 20 108 42 7 12 12

As illustrated in the boxplot (Figure 4.6), which shows the distribution of these

ratios relative to the baseline, MQ generated significantly more packages than any other

approach across all instances, with substantial variance and numerous high-end outliers.

From an architectural perspective, the over-fragmentation in the MQ distributions – with

an average of 53 packages compared to the developer’s mean of 6 – is undesirable. This

results in a “package-per-class” bias that undermines the system’s navigability, as the

algorithm prioritizes local cohesion so aggressively that it fails to recognize the broader

subsystems intended by developers. This behavior was also observed in the previous study

(Chapter 3). This fragmentation is visually reinforced in the heatmap (Figure 4.7), where

the MQ column is dominated by dark cells indicating severe deviation from the baseline.

The purely structural hierarchical algorithm (HMD) reduced this

over-fragmentation, yielding a mean of 21 packages. While an improvement over MQ, it

still proposes nearly three times as many packages as found in the DEV distributions.
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Figure 4.6: Boxplots illustrating the ratio of the number of packages generated by MQ,
HMD, and HMD+

p relative to the DEV baseline.

This suggests that static code dependencies alone are often too granular to recover

high-level architectural groupings.

The HMD+
p configurations produced fewer packages overall, as shown in the

heatmap by predominantly light cells, with proportional ratios tightly clustered near

1.00. HMD+
25 tended to slightly under-approximate the developer’s design, with a mean

of 5 packages. Notably, HMD+
50 aligned perfectly with the average developer’s design

scale, yielding a mean of 6 packages. By selecting only the most frequent co-change

relationships, these configurations successfully grouped classes into larger, more stable

“core” packages without excessive fragmentation.

HMD+
75 produced a mean of 8 packages, remaining close to the DEV structure

while introducing a slight over-approximation. These results indicate that the inclusion

of change-related information acts as a “consolidating force” in the optimization. By

capturing logical dependencies that span multiple classes, the CRGp allows the HMD+
p

fitness functions to recognize that a simpler, more grouped hierarchy better describes the

system’s actual maintenance patterns. This leads to decompositions whose scale is closer
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Figure 4.7: Heatmap illustrating the proportional ratio and deviation of generated
packages relative to the DEV baseline.

to that of the developers’ designs than the fragmented partitions produced by structural-

only metrics.

A closer examination of the outliers in the HMD+
p configurations exposes some

interesting characteristics. The boxplot and heatmap reveal several high-ratio outliers

– most notably in projects such as JGH, ELC, and LJL, where HMD+
50 produced ratios

between 2.67 and 4.0. These high ratios might initially suggest that the developers created

overly bloated “God Components” (e.g., LJL, which encompasses 150 classes in merely

3 packages). In the software architecture literature, a “God Component” (or “God Class”)

is a well-documented anti-pattern characterized by a module that centralizes excessive
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system intelligence and responsibilities, violating the principle of cohesive design (Brown

et al., 1998).

Attributing this entirely to developer error overlooks a gap in the algorithm’s

logic. Qualitative inspection of LJL reveals that the single package

org.apache.logging.log4j.layout.template.json.resolver acts as a unified

semantic API, clustering over 60 distinct resolution strategies. Although these resolvers

evolve independently – prompting the change-driven fitness function to separate them –

they are conceptually identical to the developer. In this instance, HMD+
p over-fragments

a deliberately coarse-grained package, prioritizing co-change isolation over cohesion.

Conversely, the data show a mirror effect for the lower-bound outliers in projects

such as JGE, AEP, and JML. For JGE (ratio of 0.25 under HMD+
50), the system

distributes 159 classes across 20 highly specific packages. While HMD+
p significantly

compresses this architecture down to 5 packages to eliminate co-change dependencies,

this aggregation exposes another limitation: vulnerability to cross-cutting concerns and

global refactorings. Historical commits in JGE (such as commit a2b861e7, a large

method-renaming task) show developers modifying up to 48 distinct packages

simultaneously. The change history captures this transient coupling, tricking the fitness

function into believing these distinct domains are architecturally close. By considering

them, HMD+
p may distance itself from the original purpose of the code.

4.5.4.2 ZSS: Edit-distance Tree Algorithm

The results for the Tree Edit Distance (ZSS) provide the most direct measure of the

authoritativeness of the proposed decompositions. By calculating the minimum number

of operations (insertions, deletions, and relabeling) required to transform an automated

solution into the developer’s original design, we quantify the “descriptive quality” of each

fitness function. A lower edit distance indicates the solutions are closer to each other.

Table 4.11 presents these absolute distances, and Figure 4.8 illustrates the distribution

across all 21 instances.
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Table 4.11: Tree Edit Distance (ZSS) Comparison

Project MQ HMD HMD+
25 HMD+

50 HMD+
75

AEP 267 229 180 180 189
ELC 104 89 71 79 83
ELG 87 73 70 69 62
ELN 102 85 73 78 82
JCC 277 210 201 199 208
JGE 246 206 181 180 183
JGH 99 92 77 80 81
JGL 67 51 46 52 55
JGP 184 155 135 139 140
JJE 208 180 145 145 152
JML 94 83 78 75 74
JMO 44 38 34 34 36
JPE 214 173 150 155 158
JPL 181 155 129 132 133
LJA 283 238 195 195 203
LJI 45 44 38 34 36
LJJ 43 40 35 35 35
LJL 227 200 167 167 175
LUC 318 271 222 225 233
LUH 261 211 175 181 183
LUN 77 69 59 62 58

Min 43 38 34 34 35
Mean 163 138 117 119 122
Std. Dev. 92 75 62 62 65
Max 318 271 222 225 233

A Kruskal-Wallis test performed on the absolute ZSS distributions did not yield a

statistically significant result (H(4) = 6.08, p = 0.193). However, this is expected due to

the metric’s unnormalized nature. Because ZSS measures absolute structural operations,

its magnitude scales exponentially with the system size. Our dataset contains

heterogeneous instances, ranging from small architectures (23 classes) to large

sub-systems (207 classes). Consequently, the absolute variance between large and small

projects hides the algorithmic variance in the non-parametric rank test, masking the

practical improvements observed in individual instances.

Despite the statistical results, the data reveal a progression in approximating the

DEV architectures. The non-hierarchical baseline (MQ) exhibited the lowest descriptive

quality, with a mean distance of 163 operations. This high edit cost is a consequence

of MQ’s flat partitioning bias; aligning an MQ solution with a nested DEV tree requires

the algorithm to perform many insertions and deletions to reconstruct missing package
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Figure 4.8: Tree Edit Distance (DEV x MQ x HMD x HMD+
p ) boxplot.

layers. The purely structural hierarchical baseline (HMD) mitigated this, reducing the

mean distance to 138.

A key finding in this study is the improvement in authoritativeness achieved by

incorporating change-related data. All configurations using HMD+
p outperformed the

structural-only baselines. Notably, HMD+
25 achieved the lowest mean distance (117),

representing a 28% increase in descriptive quality compared to MQ and a 15% increase

compared to HMD.

To accurately evaluate the algorithms while neutralizing the size variance that

compromised the significance test, we analyzed the number of operations (or

movements) per class in each project (ZSS/N), as shown in Table 4.12 and the

distribution boxplot in Figure 4.9. Additionally, Figure 4.10 provides a heatmap of these

ratios, enabling instance-by-instance comparison.

101



Table 4.12: Tree Edit Distance (ZSS) Comparison

Project MQ HMD HMD+
25 HMD+

50 HMD+
75

AEP 1.65 1.41 1.11 1.11 1.17
ELC 1.66 1.41 1.13 1.25 1.32
ELG 1.50 1.26 1.21 1.19 1.07
ELN 1.55 1.29 1.11 1.18 1.24
JCC 1.46 1.11 1.06 1.05 1.09
JGE 1.55 1.3 1.14 1.13 1.15
JGH 1.62 1.51 1.26 1.31 1.33
JGL 1.64 1.24 1.12 1.27 1.34
JGP 1.52 1.28 1.12 1.15 1.16
JJE 1.61 1.4 1.12 1.12 1.18
JML 1.75 1.54 1.44 1.39 1.37
JMO 1.56 1.36 1.21 1.21 1.29
JPE 1.58 1.28 1.11 1.15 1.17
JPL 1.57 1.35 1.12 1.15 1.16
LJA 1.56 1.31 1.08 1.08 1.12
LJI 1.72 1.69 1.46 1.31 1.38
LJJ 1.87 1.74 1.52 1.52 1.52
LJL 1.51 1.33 1.11 1.11 1.17
LUC 1.53 1.31 1.07 1.09 1.13
LUH 1.57 1.27 1.05 1.09 1.1
LUN 1.63 1.47 1.26 1.32 1.23

Min 1.46 1.11 1.05 1.05 1.07
Mean 1.60 1.37 1.18 1.20 1.22
Std. Dev. 0.09 0.15 0.14 0.12 0.12
Max 1.87 1.74 1.52 1.52 1.52

The MQ baseline has a mean of 1.60, indicating that reaching the developer’s

architecture requires more operations than there are classes in the system (mainly due to

the flat solution). The HMD baseline improves this to 1.37. However, the HMD+
p

configurations lower this threshold, with HMD+
25 achieving a mean of 1.18. To formally

validate the differences suggested by Table 4.12, we conducted a Friedman test across

the five configurations (n = 21 systems, since each system was evaluated under every

algorithm). The test yielded a highly significant result (χ2(4) = 61.407, p < 0.001),

confirming that the normalized structural distance to the developer’s architecture differs

across algorithms. To identify which specific pairs differ, we performed pairwise

Wilcoxon signed-rank tests with Holm correction for multiple comparisons, reporting

the matched-pairs rank-biserial correlation (r) as the effect size for each pair. Table 4.13

summarizes these results.
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Figure 4.9: Tree Edit Distance ratio (Movements / Number of Classes) distribution across
configurations.

Table 4.13: Pairwise comparisons of the normalized Tree Edit Distance (ZSS/N) across
configurations (Wilcoxon signed-rank test, Holm-corrected, n = 21)

Comparison W p Median ∆ r pad j Sig.

MQ vs. HMD 230 < 0.001 0.038 0.991 < 0.001 Yes
MQ vs. HMD+

25 231 < 0.001 0.076 1.000 < 0.001 Yes
MQ vs. HMD+

50 231 < 0.001 0.070 1.000 < 0.001 Yes
MQ vs. HMD+

75 231 < 0.001 0.069 1.000 < 0.001 Yes
HMD vs. HMD+

25 228 < 0.001 0.045 0.974 < 0.001 Yes
HMD vs. HMD+

50 226 < 0.001 0.038 0.957 < 0.001 Yes
HMD vs. HMD+

75 224 < 0.001 0.036 0.939 < 0.001 Yes
HMD+

25 vs. HMD+
50 78 0.313 0.000 −0.257 0.313 No

HMD+
25 vs. HMD+

75 47 0.030 −0.010 −0.552 0.091 No
HMD+

50 vs. HMD+
75 70 0.114 −0.005 −0.394 0.228 No

As shown in Table 4.13, every comparison involving MQ, as well as every

comparison between HMD and an HMD+
p configuration, remains statistically significant

after correction, with effect sizes approaching the theoretical maximum (r ≥ 0.94). This

confirms that incorporating change-history data via the CRG yields a more structurally
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Figure 4.10: Tree Edit Distance ratio (Movements / Number of Classes) heatmap,
illustrating relative algorithmic performance per instance.

authoritative decomposition than either the non-hierarchical baseline or the purely

structural hierarchical model. In contrast, the pairwise comparisons among the three

HMD+
p configurations themselves did not reach significance after correction, indicating

that, on this specific metric, the choice of threshold does not produce a statistically

distinguishable effect on structural fidelity to the developer’s design.

The instance-level performance is visually reinforced by the heatmap (Figure

4.10). The MQ and HMD columns are dominated by darker cells, reflecting the high edit
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cost of reconstructing nested developer architectures from purely structural or flat

baselines. In contrast, the HMD+
p configurations exhibit consistently lighter cells across

the vast majority of the dataset. This uniform transition to lighter shades confirms that

the gain in authoritativeness is not limited to a few specific projects but is a systemic

improvement across heterogeneous instances.

A closer examination of the outliers in the ZSS/N ratio distributions reveals

critical boundaries between where the HMD+
p approach excels and where it still needs

improvement. The data exposes a distinct vulnerability in micro-architectures. The

highest edit distance ratios under HMD+
50 are observed for the smallest systems in the

dataset, notably LJJ (1.52) and LJI (1.31). For example, LJJ (Log4j JPA) consists of only

23 classes organized into two packages, while LJI (Log4j IO Streams) contains 26

classes across two packages. A qualitative inspection of their commit histories confirms

that these sub-modules are highly specialized, atomic libraries.

LJJ, for instance, serves strictly as a bridge for writing Log4j events to a database

using the Java Persistence API. Its classes are either core entities (e.g., JpaAppender) or

data translators (e.g., ContextMapAttributeConverter). While semantically unified

as a single domain for the developer, these different class types often exhibit distinct

cycles of update – adding a new converter does not require modifying the core appender.

The MDL fitness function of HMD+
p detects this independence and over-fragments these

projects, yielding five distinct packages for LJJ. To transform the solution back into the

developer’s simple binary design, the ZSS algorithm must execute a high number of

operations. This confirms that the change-driven hierarchical approach suffers somewhat

with genuinely small systems, where static semantic boundaries are already compact

enough to manage maintenance effectively without further subdivision.

Conversely, analyzing the absolute ZSS outliers for medium to large-scale

systems – such as JML (1.39 ratio with 75 absolute operations) and LJL (1.11 ratio with

167 absolute operations under HMD+
50) – reveals a different phenomenon. In the case of

JML (jMetal Lab), the developers originally fragmented 54 classes across 13 highly

specific packages based on technical roles (e.g., studies, component, and util). However,
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an analysis of the commit log reveals an odd behavior resulting from this technical

partitioning, closely resembling “Shotgun Surgery” coupling. This phenomenon is

classically defined as a code smell where a single conceptual change requires cascading,

simultaneous modifications across multiple dispersed modules (Fowler, 1999).

For instance, large commits like c f 8176b8 touched 27 different packages

simultaneously because implementing or updating a single experimental feature required

coordinated changes across GenerateFriedmanTestTables.java,

NSGAIIStudy.java, and ExperimentBuilder.java. The change history showed that

the original 13-package structure might have been too horizontally fragmented for the

system’s reality, prompting HMD+
50 to compress the architecture into four

feature-aligned macro-components.

Because the ZSS metric strictly measures authoritativeness (proximity to the

DEV baseline), it penalizes the algorithm for this difference. To align the optimized

HMD+
50 tree with the DEV tree for JML, the edit-distance algorithm needs to

re-fragment the classes into the 13 packages, which are tightly coupled from a feature

perspective. A similar penalty occurs in LJL (Log4j Layout Template), where a

component of 150 classes was divided into just three packages. A single package

resolver alone contained 64 distinct files. While this package serves as a unified semantic

API for the developer (as discussed previously), from a change-history standpoint, it acts

as a maintenance monolith. Because capabilities like MessageResolver and

StackTraceElementResolver have distinct life cycles, HMD+
50 decomposed this

package into eight subsystems, which are cohesive with respect to actual maintenance

life cycles – but penalized by the ZSS metric.

Therefore, a significant portion of the remaining edit distance in the HMD+
p

configurations does not necessarily indicate algorithmic failure but rather reflects a

semantic gap. In projects where developers employ highly fragmented designs separated

by technical layers (JML) or exceptionally coarse-grained packages (LJL), achieving a

ZSS of zero is unlikely for a co-change-driven algorithm and not necessarily desirable.

The remaining edit operations precisely quantify the tension between how developers
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semantically categorize their code and how they actually modify it during software

evolution.

4.5.4.3 Single-package commits ratio

The single-package commits ratio (SPCR) quantifies the localization of changes

within the proposed package decompositions. A higher ratio indicates a decomposition in

which the changes recorded in the analyzed history are more frequently contained within

a single package. The results for this metric across all configurations are presented in

Table 4.14.

To statistically validate the observed differences, we performed a Kruskal-Wallis

test across the six experimental configurations. The test yielded a highly significant result

(H(5) = 24.056, p < 0.001), providing evidence that the choice of clustering algorithm

fundamentally alters the change history cohesion of the resulting architecture.

The structural baselines, MQ and HMD, consistently underperformed the

developer’s design. While the DEV structure achieved a mean ratio of 0.77, MQ and

HMD achieved only 0.60 and 0.65, respectively. This is a direct consequence of the

over-fragmentation observed in the package count analysis; by splitting the system into

dozens of artificial modules based purely on static coupling, the algorithms artificially

forced historical commits to span multiple boundaries.

The inclusion of change-history data via the HMD+
p configurations bridged this

gap. Notably, HMD+
50 achieved a mean ratio of 0.76, almost recovering the localization

capacity of the original developer structure. Crucially, HMD+
50 achieves this high SPCR

while maintaining an average of six packages (matching the DEV baseline scale). This

demonstrates that the algorithm is not aggregating the entire system into a single

monolithic package, but is instead successfully identifying the boundaries that

encapsulate real change-related tasks.
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Table 4.14: Single-package commits ratio

Project DEV MQ HMD HMD+
25 HMD+

50 HMD+
75

AEP 0.64 0.53 0.59 0.75 0.77 0.74
ELC 0.98 0.84 0.87 0.90 0.88 0.88
ELG 0.73 0.66 0.68 0.95 0.82 0.84
ELN 0.50 0.47 0.52 0.70 0.50 0.50
JCC 0.84 0.60 0.75 0.68 0.89 0.73
JGE 0.39 0.23 0.36 0.31 0.48 0.34
JGH 0.83 0.58 0.59 0.76 0.69 0.68
JGL 0.79 0.71 0.78 0.77 0.82 0.73
JGP 0.87 0.80 0.84 0.87 0.84 0.82
JJE 0.79 0.63 0.65 0.91 0.88 0.72
JML 0.69 0.49 0.63 0.82 0.79 0.76
JMO 0.87 0.58 0.71 0.72 0.75 0.76
JPE 0.80 0.64 0.77 0.72 0.88 0.79
JPL 0.75 0.60 0.64 0.74 0.86 0.70
LJA 0.85 0.75 0.80 0.83 0.88 0.85
LJI 0.94 0.47 0.47 0.55 0.61 0.51
LJJ 0.75 0.58 0.60 0.75 0.64 0.71
LJL 0.65 0.48 0.50 0.59 0.63 0.59
LUC 0.71 0.52 0.54 0.60 0.62 0.65
LUH 0.87 0.66 0.71 0.73 0.92 0.86
LUN 0.91 0.75 0.75 0.80 0.81 0.77

Min 0.39 0.23 0.36 0.31 0.48 0.34
Mean 0.77 0.60 0.65 0.74 0.76 0.71
Std. Dev. 0.14 0.14 0.13 0.14 0.13 0.13
Max 0.98 0.84 0.87 0.95 0.92 0.88

Furthermore, to illustrate these differences across the dataset, we plotted a

box-plot (Figure 4.11) and a heatmap (Figure 4.12). To accurately assess performance

relative to the DEV distributions in these visualizations, we evaluate each algorithm

using a proportional ratio, similar to the analysis performed for the number of packages.

The ratio represents the single-package commit ratio (SPCR) for a given algorithm,

expressed as a proportion of the developer’s baseline and rounded to two decimal places,

as defined in Equation 4.7.

Ratio = round
(

SPCRAlgorithm

SPCRDEV
,2
)

(4.7)

A ratio of 1.0 indicates that the algorithm perfectly matched the commit

localization capacity of the original developer structure. Values below 1.0 indicate that

commits span more boundaries than originally intended, while values above 1.0 indicate

that the algorithm successfully encapsulated more historical commits within single
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packages than the original design. The heatmap’s color gradient visually emphasizes this

divergence from the ideal ratio of 1.0.

As illustrated in the box-plot (Figure 4.11), which shows the distribution of these

ratios relative to the baseline, the structural approaches (MQ and HMD) exhibit a

localization deficit. Conversely, the HMD+
p distributions shift upward to strongly align

with the 1.0 median.

Figure 4.11: Single-package commits ratio boxplot, illustrating the proportional ratio
generated by MQ, HMD, and HMD+

p relative to the DEV baseline.

An examination of the dataset’s outliers reveals how some system-level

architectural decisions influence commit localization. The lowest absolute SPCR values

are observed in JGE, where the DEV baseline achieves only 0.39, and HMD+
50 reaches

0.48. As established in previous sections, JGE is a hyper-fragmented system in which

even a single commit – such as a global refactoring – can affect up to 48 packages

simultaneously. Because the project’s commit history is inherently dispersed across the

entire codebase, no partitioning algorithm – human or automated – can achieve a high

single-package ratio without completely flattening the system.
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Figure 4.12: Single-package commits ratio heatmap, illustrating the proportional ratio of
algorithmic localization relative to the DEV baseline.

Conversely, the highest SPCR values are observed for ELC (0.98 under DEV )

and LJI (0.94 under DEV ). Both instances are highly cohesive, atomic micro-libraries

containing 3 or fewer packages. In these tightly scoped environments, nearly every

commit is localized by default, establishing an artificially high ceiling that the algorithms

effortlessly approach (e.g., HMD+
25 scores 0.90 for ELC). Furthermore, the standard

deviation of the SPCR metric across the 21 instances remains remarkably stable for all

configurations (ranging only from 0.13 to 0.14). This stability suggests that integrating

the CRG improves the overall mean localization without introducing volatility or

extremes across heterogeneous projects.
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Finally, an analysis of the heatmap reveals instances where the HMD+
p

configurations actually exceed the DEV baseline in commit localization (Ratio > 1.0).

For example, in AEP, the DEV SPCR of 0.64 was improved to 0.77 by HMD+
50;

similarly, JML improved from 0.69 to 0.79. In these cases, the proposed decompositions

would have localized more of the past commits than the developers’ design. Since the

CRG is built from these same commits, this result is partly expected, as the optimization

explicitly favors grouping classes that were modified together. Still, it shows that the

HMD+
p approach does not merely reproduce the developers’ design, and the differences

between both may indicate package boundaries worth reviewing.

4.5.4.4 Average number of packages per commit

The average number of packages affected per commit (APC) serves as a

complementary metric to the single-package commits ratio. While the SPCR measures

perfect encapsulation (commits affecting exactly one package), the APC quantifies the

overall dispersion of maintenance effort across the architecture. A lower average

indicates that, even when commits cross package boundaries, the changes are spread

over fewer packages.

The raw data and statistical summary for this metric are presented in Table 4.15.

To statistically validate the observed differences, we performed a Kruskal-Wallis test

across the six experimental configurations. The test yielded a highly significant result

(H(5) = 59.861, p < 0.001), providing strong evidence that the architectural boundaries

defined by the different algorithms dictate the dispersion of changes.

The structural baselines demonstrate a marked deficiency in change localization.

MQ produced an average of 3.00 packages per commit, more than twice the developer’s

mean of 1.43. This confirming evidence suggests that the fragmentation inherent in

non-hierarchical structural clustering forces changes to span multiple packages, thereby

increasing architectural complexity. While the hierarchical HMD baseline showed

improved localization (Mean = 2.16), it still resulted in a 51% higher dispersion than the

developer-authored decompositions.
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Table 4.15: Average number of packages per commit

Project DEV MQ HMD HMD+
25 HMD+

50 HMD+
75

AEP 1.71 3.04 2.27 1.28 1.27 1.35
ELC 1.02 1.48 1.27 1.13 1.23 1.25
ELG 1.30 3.04 1.98 1.05 1.23 1.20
ELN 1.93 4.85 2.80 1.73 1.93 2.38
JCC 1.23 3.40 1.61 1.38 1.14 1.55
JGE 3.26 7.45 3.28 1.94 1.89 2.03
JGH 1.23 2.82 2.57 1.43 1.81 1.83
JGL 1.29 1.76 1.38 1.37 1.24 1.43
JGP 1.17 1.75 1.45 1.17 1.24 1.28
JJE 1.37 2.54 2.12 1.10 1.16 1.53
JML 1.67 2.82 1.65 1.22 1.25 1.35
JMO 1.13 2.14 1.58 1.45 1.44 1.41
JPE 1.35 2.77 1.92 1.32 1.16 1.37
JPL 1.36 2.66 2.10 1.34 1.22 1.48
LJA 1.26 1.80 1.55 1.20 1.15 1.20
LJI 1.06 4.23 4.18 1.71 1.59 1.80
LJJ 1.25 2.09 1.63 1.50 1.58 1.55
LJL 1.50 5.17 3.96 1.63 1.78 2.11
LUC 1.54 3.00 2.66 1.45 1.51 1.61
LUH 1.16 2.36 1.80 1.30 1.11 1.20
LUN 1.14 1.91 1.68 1.40 1.37 1.49

Min 1.02 1.48 1.27 1.05 1.11 1.20
Mean 1.43 3.00 2.16 1.39 1.40 1.54
Std. Dev. 0.48 1.42 0.82 0.22 0.27 0.32
Max 3.26 7.45 4.18 1.94 1.93 2.38

The change-driven configurations HMD+
25 and HMD+

50 achieved average counts

(1.39 and 1.40, respectively) slightly lower than that of the developers’ designs (1.43),

and HMD+
50 did so while keeping an average scale of six packages, similar to the DEV

baseline (Section 4.5.4.1). Because the optimization explicitly favors grouping classes

modified together in the same history on which APC is computed, this result shows that

the optimization achieved its intended effect, rather than that the generated designs are

superior to those authored by the developers.

Furthermore, the HMD+
p configurations exhibited greater stability across the

systems, with a standard deviation for HMD+
25 (0.22) less than half that of the DEV

baseline (0.48). This indicates that APC varied less across systems for the HMD+
p

configurations than for the developers’ designs. For instance, in the hyper-fragmented

JGE instance, the developer’s architecture yielded an APC of 3.26, and MQ worsened

this to 7.45. HMD+
50 reduced it to 1.89.
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To visually assess this performance relative to the DEV baseline across the

dataset, we plotted a box-plot (Figure 4.13) and a heatmap (Figure 4.14). To neutralize

the inherent variance in absolute dispersion between highly cohesive and highly

fragmented projects, both visualizations utilize a proportional ratio to the DEV

distributions, defined in Equation 4.8:

Ratio = round
(

APCAlgorithm

APCDEV
,2
)

(4.8)

Crucially, because a lower Average Number of Packages per Commit (APC)

indicates better change localization, a ratio below 1.0 is desirable. Values below 1.0

indicate that the algorithm successfully reduced the dispersion of commits compared to

the developer’s design, whereas values above 1.0 indicate increased spread.

As illustrated in the boxplot (Figure 4.13), which plots the distribution of these

ratios, the structural approaches (MQ and HMD) suffer from dispersion, with medians

well above the 1.0 baseline and numerous high-end outliers. Conversely, the HMD+
p

configurations effectively compress this spread, pulling the distributions downward and

frequently causing them to fall below the DEV threshold.

The heatmap (Figure 4.14) visually reinforces this consistency on a per-instance

basis. The HMD+
25 and HMD+

50 configurations produced ratios below 1.0 in 10 and 12 of

the 21 instances, respectively. This indicates that integrating the Commit Relation Graph

leads the algorithm to propose boundaries that reduce the dispersion of the analyzed

commits across packages.

An examination of the outliers in the APC distribution highlights the complex

relationship between structural decomposition and maintenance dispersion. The most

extreme upper-bound outlier is JGE, a system previously identified as an outlier in

previous metrics. In the developer’s original design, the average commit touched 3.26

packages – a highly dispersed maintenance reality. The non-hierarchical MQ algorithm

aggravated this architectural degradation, shattering the system and driving the

dispersion to 7.45 packages per commit. However, the HMD+
50 configuration reduced

this fragmentation, compressing the dispersion down to 1.89. In this instance, the
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Figure 4.13: Average number of packages per commit boxplot, illustrating the
proportional dispersion ratio generated by MQ, HMD, and HMD+

p relative to the DEV
baseline.

change-aware optimization produced a decomposition in which the analyzed commits

involve classes residing in fewer packages than in the developers’ design.

Conversely, analyzing outliers in which HMD+
p mathematically

“underperformed” the developer’s baseline reveals the deceptive nature of the APC

metric when applied to very large components. For instance, in LJL (Log4j Layout), the

developer’s baseline achieved a relatively low APC of 1.50, while HMD+
50 yielded 1.78.

While this appears to be a localized regression, cross-referencing it with the package

count data reveals the developer achieved a low APC by dumping 150 classes into just

three packages. This low dispersion is partly a consequence of concentrating many

classes in few packages. HMD+
50 decomposed LJL into eight packages, and the increase

in APC to 1.78 reflects this finer decomposition: commits previously contained within a

single large package now cross the boundaries of the new packages. Whether this finer

decomposition is preferable to the developers’ one would require their assessment.
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Figure 4.14: Average number of packages per commit heatmap, indicating algorithmic
dispersion relative to the DEV baseline (Ratio < 1.0 indicates improvement).

Finally, the data exposes the algorithm’s inherent lower-bound limitation when

applied to atomic micro-architectures. Projects like LJI (Log4j IO Streams) and ELC

(Elasticsearch Core) boast near-perfect developer APC scores of 1.06 and 1.02,

respectively. Because these systems are highly specialized, atomic libraries (containing

only 2 or 3 packages), virtually every commit is perfectly encapsulated by default.

However, because the MDL-based fitness function is mathematically driven to seek

optimized hierarchical solutions, it over-fragments these domains. By splitting LJI into 4

or 5 packages, the algorithm forces the commits to cross newly created boundaries,

raising the APC to 1.59 under HMD+
50. This reiterates that while highly effective at
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curing large-scale dispersion, forcing change-driven hierarchical clustering onto

legitimately atomic micro-libraries might introduce unnecessary inner packages.

4.5.5 Discussion

The quantitative evaluation across the 21 software instances shows that while

purely structural metrics often struggle with over-fragmentation and maintenance

dispersion, integrating the Commit Relation Graph (CRG) into the optimization process

significantly improves both the authoritativeness (ZSS) and the change localization

(SPCR and APC) of the resulting architectures.

The evaluated configurations allow the overall gain over the flat baseline to be

decomposed into two consecutive steps. The first step, from MQ to HMD, changes both

the representation (from flat to hierarchical) and the fitness function (from MQ to Ψ), and

reduces the mean normalized edit distance (ZSS/N) from 1.60 to 1.37. The second step,

which adds the CRG-derived edges, further reduced it to 1.18, 1.20, and 1.22 for HMD+
25,

HMD+
50, and HMD+

75, respectively (Table 4.12). Along this sequence, between 54% and

60% of the overall reduction is associated with the hierarchical MDL-based formulation,

and between 40% and 46% with the change-history data.

Because HMD and the HMD+
p configurations share the same representation,

fitness function, and search algorithm and differ only in the CRG-derived edges, the

significant differences between them (Table 4.13) can be attributed to the change-history

data. This attribution, however, is conditional on the hierarchical formulation: the CRG

was not evaluated in a flat formulation (e.g., by adding its edges to the MDG optimized

by MQ), and the first step does not separate the effect of the hierarchical representation

from that of the Ψ metric. Therefore, the two contributions should not be interpreted as

independent, and our results do not indicate whether the change-history data would yield

similar gains without the hierarchical representation.

To examine whether the gains depend on the characteristics of the systems, we

computed the Pearson correlation coefficient (ρ) between the improvement provided by

each configuration and three characteristics of the systems: the number of classes, the
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single-package commits ratio (SPCR), and the average number of packages per commit

(APC) of the developers’ designs. Since absolute edit distances grow with system size

(Section 4.5.4.2), the improvement is measured on the normalized distance relative to a

baseline, ∆ZSS/N = (ZSSAlg − ZSSBase)/N. A negative ∆ZSS/N indicates an

improvement in approximating the DEV solution; therefore, a negative correlation

means the improvement tends to be larger for higher values of the characteristic. Table

4.16 summarizes the results.

Table 4.16: Correlation (Pearson, n = 21) between the normalized structural improvement
(∆ZSS/N) and system characteristics.

Configuration Classes SPCR (DEV) APC (DEV)

HMD+
25 vs. MQ -0.527 0.011 -0.035

HMD+
50 vs. MQ -0.710 0.063 -0.122

HMD+
75 vs. MQ -0.609 0.079 -0.114

HMD vs. MQ -0.417 0.140 -0.130
HMD+

25 vs. HMD -0.137 -0.142 0.104

They give the following insights regarding the approximation with the DEV

architectures:

System size. Relative to the flat baseline, the improvement of the HMD+
p configurations

shows a negative correlation with the number of classes (from−0.53 to−0.71, significant

at the 5% level), indicating that, within the range of evaluated sizes (23 to 207 classes),

their advantage over MQ tends to be larger for larger systems. This is consistent with the

lower performance observed for the smallest systems (Section 4.5.4.2). In contrast, the

improvement of HMD+
25 over HMD, which isolates the contribution of the change-history

data, shows no relevant correlation with size (−0.14). Since no system with more than

207 classes was evaluated, these results should not be extrapolated to larger systems.

Change localization in the developers’ designs. The improvements show no relevant

correlation with the SPCR (from −0.14 to 0.14) or the APC (from −0.13 to 0.10) of the
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developers’ designs. Thus, the gains in authoritativeness did not depend on how localized

the changes were in the original designs.

Regarding the choice of threshold, lower values of p include more co-change

relationships in the Enhanced HMD: HMD+
25 incorporates the 75% strongest

relationships of the CRG, whereas HMD+
50 and HMD+

75 incorporate the strongest 50%

and 25%, respectively. Among the three configurations, HMD+
25 achieved the lowest

mean normalized edit distance to DEV (1.18), while HMD+
50 produced the number of

packages closest to the developers’ designs (a mean of six packages, equal to the

developers’ mean) and the highest single-package commits ratio (0.76); both obtained

similar average numbers of packages per commit (1.39 and 1.40). However, the

differences among the three thresholds were small and, for ZSS/N, not statistically

significant (Table 4.13). Therefore, our results do not indicate a single best threshold,

and its choice remains an open issue (Section 5.4).

4.5.6 Threats to Validity

Following the guidelines established by Wohlin et al. (Wohlin, 2012), we

categorize the threats to the validity of this quantitative evaluation into construct,

internal, external, and conclusion validity.

Construct Validity. These threats concern the relationship between the theory and the

observations. A primary threat lies in the use of the developer-authored architecture

(DEV) as the reference decomposition. DEV is not necessarily optimal: our analysis of

outliers such as JGE (hyper-fragmented) and LJL (monolithic) suggests that

human-authored designs may harbor architectural debt. Consequently, measuring

algorithmic performance solely as the structural distance to DEV (via ZSS) might

penalize decompositions that differ from DEV for legitimate reasons. To mitigate this,

we supplemented ZSS with change-localization metrics (SPCR and APC), for which

DEV serves as a baseline rather than a target. However, these metrics are computed on

the same commit history used to build the CRG. Therefore, the advantage of the HMD+
p
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configurations over DEV on SPCR and APC is partly a consequence of their own

objective and does not, by itself, show that the generated decompositions are better than

those proposed by the developers. Such an assessment would require evaluating the

decompositions on commits not used by the optimization and collecting the developers’

opinions (Section 5.4). Additionally, the choice of the Jaccard coefficient to normalize

commit intersections is a standard yet specific measure of set similarity. Alternative

weighting mechanisms could potentially alter the graph’s topology and the resulting

HMD+
p configurations.

Internal Validity. Internal threats relate to factors that could influence the independent

variables without the researchers’ knowledge. A significant threat involves extracting

and preprocessing the change history. Version control systems contain noise, such as

large cross-cutting commits from automated refactoring tools, license updates, or file

renames. While we mapped historical file paths to stable class identifiers to minimize

data loss, large “transient” commits (as observed in JGE) can create artificial co-change

dependencies, tricking the MDL fitness function into grouping unrelated domains.

Furthermore, to ensure that the observed improvements were attributable to the change

history data and not merely to expanding the search space into a hierarchical structure,

we compared the HMD+
p variants against the purely structural HMD baseline, which

shares the same representation, fitness function, and search algorithm. This isolation,

however, is partial: we evaluated the change history data only within the hierarchical

MDL-based formulation, and the comparison between MQ and HMD changes both the

representation and the fitness function at once. Hence, we could not fully separate the

individual contributions of the hierarchical representation, the Ψ metric, and the change

history data, as well as possible interactions among them.

External Validity. External validity concerns the generalizability of the findings. The

evaluation was conducted on 21 open-source systems. While these instances vary

significantly in size (from 23 to 207 classes) and domain, they are all Java-based and

developed in an open-source context. The change history patterns of commercial,
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closed-source software with strict, centralized governance models might differ.

Furthermore, the size of the evaluated sub-modules was intentionally bounded to

approximately 200 classes. Because the HAC∗ algorithm, coupled with the MDL fitness

function, is computationally intensive, scaling this exact search procedure to large-scale

legacy systems without further heuristic optimization remains a limitation of this study.

Conclusion Validity. Conclusion validity refers to the statistical significance and

reliability of the inferences made. We employed the non-parametric Kruskal-Wallis test

across the six configurations (n = 126 observations) to ensure our findings regarding the

number of packages, SPCR, and APC were statistically rigorous (p < 0.001). For the

absolute ZSS metric, the inherent exponential scaling of tree edit distance with system

size initially masked statistical significance. We addressed this limitation by normalizing

the data (ZSS/N) and applying paired tests (Friedman and Wilcoxon), which showed

consistent improvements across the evaluated instances, ranging from 23 to 207 classes.

4.6 Developer-based Study

To complement the quantitative evaluation with a comparison against

decompositions proposed by human subjects, we reused the dataset collected during the

experimental study originally reported by Monçores et al. (2018). In that study, a group

of software developers with varying levels of experience participated in an experiment

focused on the distribution of software classes into packages.

The object of the study was JodaMoney2, a Java library designed to store,

manipulate, and represent monetary amounts. JodaMoney is a relatively small software

project composed of 20 core classes. It was selected because its size and complexity

were considered suitable for subjects to understand the relationships among classes and

their respective responsibilities within the two-hour session allocated for the experiment.

In the original experiment, subjects were provided with a class diagram

representing the classes of JodaMoney and were instructed to manually distribute these

2 http://www.joda.org/joda-money/
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classes into packages. The resulting distributions were subsequently compared with both

the distribution proposed by the developers of JodaMoney and the distribution generated

by a Large Neighborhood Search (LNS) optimization algorithm based on a flat

formulation of the Software Module Clustering problem.

In the following sections, we compare the decompositions produced by the

subjects, the developers, and the LNS algorithm with those generated by the proposed

hierarchical optimization models (HMD+
25, HMD+

50, and HMD+
75), as well as with the

baseline algorithm (HMD). Parts of Sections 4.6.1 and 4.6.2 were adapted, with only

minor modifications, from the paper reporting on the study (Monçores et al., 2018), since

neither the characteristics of the subjects nor the clustering solutions they proposed

changed in the present investigation.

Section 4.5 showed that the HMD+
p configurations may over-fragment very small

systems. The JodaMoney study complements that evaluation with a different kind of

evidence: a comparison with decompositions proposed by human subjects for a system

small enough to be understood within a two-hour session. Since it involves a single

small system and data collected in a previous study, its results should be interpreted as

complementary evidence, rather than as a validation of the practical usefulness of the

approach.

4.6.1 Subject characterization

We invited twenty software developers with heterogeneous backgrounds in object-

oriented programming and design to participate in the study. Of these, thirteen of these

subjects agreed to take part in the experiment. The participants were either currently

employed or had previous professional experience in the software development industry,

including positions in both private and governmental companies. Most of these companies

were based in Brazil, but one subject worked for a Canadian company, while a second one

worked for a company based in the United States.

All participants filled out a characterization questionnaire designed to assess their

level of experience. The objective of this questionnaire was to classify subjects as either
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experienced or inexperienced developers, thereby enabling an analysis of whether subject

experience influenced the study outcomes. To this end, we measured their programming

and design skills by proposing two questions for each criterion. These questions would

be answered on a three-point Likert scale representing low, medium, or high experience.

On programming, we asked how many years the subject has worked as a programmer (up

to 5 years, from 6 to 10 years, or more than 10 years) and about his/her experience with

object-oriented programming (low, medium, or high). Concerning design, we asked about

their experience in interpreting class diagrams (low, medium, or high) and experience with

software architecture (low, medium, or high).

For each criterion, we observed whether there was agreement on the answers to

both questions and assigned the agreed-upon experience level to the subject. An

additional question was added to the characterization questionnaire to address academic

background. Whenever disagreement arose on a given criterion, the answer to the

question addressing academic background was used to resolve the dispute. We observed

a broad range of academic qualifications among our subjects, though all had a Computer

Science background. Two subjects were DSc students, three were MSc students, two

completed a Master’s degree program, two completed a latu-sensu post-graduate course,

two completed graduation, and the last two were undergraduate students working as

interns for their companies. Subjects holding a Master’s degree were considered

experienced, and if their answers to the questions addressing a given criterion were in

disagreement, their classification drifted to the higher rank. On the other hand,

undergraduate and graduate students were given a lower rank if a disagreement appeared

in their assessments.

With respect to programming expertise, an agreement on the answers was reached

for only 5 out of 13 subjects. Three subjects reported less than five years of programming

practice and medium experience with object-oriented programming (OOP), being ranked

as low-experienced programmers. Two subjects reported six to ten years of experience

working as programmers and had high experience with OOP, and were ranked as highly

experienced. An MSc student reported working as a programmer for more than ten years,
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but had only medium experience with OOP and was ranked as a medium-experienced

programmer. A subject holding an MSc degree reported working for six to ten years with

OOP and was ranked as a highly experienced programmer. Finally, a DSc student reported

working for less than five years with programming, but having high experience with OOP,

and was ranked as highly experienced. We ended up with eight highly experienced, two

medium-experienced, and three low-experienced programmers.

Regarding design expertise, an agreement on the answers was reached for 9 out

of 13 subjects. An undergraduate subject reported medium experience in reading class

diagrams and low experience in software architecture, and was ranked as a

low-experienced designer. A subject holding an MSc degree reported low experience in

interpreting class diagrams but high experience in software architecture and was ranked

as a highly experienced designer. Another subject holding an MSc degree reported high

experience in reading class diagrams, but medium experience in software architecture,

and was ranked as a highly experienced designer. Finally, a DSc student reported

medium experience in reading class diagrams and low experience in software

architecture and was classified as a medium-experienced designer. In the end, we had

four highly experienced, four medium-experienced, and five low-experienced designers.

Finally, subjects were classified as experienced or inexperienced according to the

former criteria. Consistent with expectations, whenever a subject received a high score in

design, he/she also received a high score in programming. Thus, highly experienced

programmers with at least medium design experience were classified as experienced

subjects, while the remaining ones were classified as inexperienced. Overall, we had

seven experienced and six inexperienced subjects. The analyses presented in the next

subsections consider these groups.

4.6.2 Solution characteristics

After completing the characterization questionnaire, the subjects received a class

diagram depicting JodaMoney’s core classes, their attributes, and relationships, along

with a brief description of the project. We then asked the subjects to group the classes
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into as many packages as they thought were necessary for the project. No further

information was provided to the subjects, though they could search for more information

on the Internet.

The solutions proposed by the subjects were all different. They were also

different from the solutions provided by the optimization algorithms under analysis

(HMD+
25, HMD+

50, HMD+
75, HMD, and LNS) and JodaMoney’s developers. LNS

proposed distributing the classes into nine packages, with the largest having four classes

and the smallest having a single one. HMD+
25 proposed a hierarchical distribution with

two root packages: the first with six classes and the second with four classes and two

packages, each with five classes. HMD+
50 produced a similar distribution, the first root

package housing three classes and the second containing six classes and two child

packages, one with five and the other with six classes. HMD+
75 followed its counterparts,

with the first root package housing eight classes and the second containing two child

packages: one with two classes and the other with two child packages with two and eight

classes, respectively. HMD proposed the most complex design among the optimization

algorithms, using three root packages (three, four, and five classes), the last with two

child packages with six and two classes, respectively. JodaMoney’s authors used only

two packages, each holding ten classes.

The average number of packages proposed by the subjects was 6.08 (median=6).

Experienced subjects proposed using, on average, 6.14 packages, while inexperienced

ones proposed using six packages (the median was six for both groups). Two

experienced subjects proposed the smallest solutions using three packages, while another

experienced subject proposed the larger distribution using eleven packages. Experienced

subjects used, on average, 2.0 single-class packages (median=2), while inexperienced

ones used 1.2 such packages (median=1). The average difference between the largest

package and the smallest one for experienced subjects was 4.7 classes (median=4), while

for inexperienced subjects it was 5.2 classes (median=5). The largest package,

comprised of 12 classes, was proposed by an experienced subject.
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We observe a lack of clear agreement on how to distribute classes into packages,

even for such a small project as JodaMoney. Both experienced and inexperienced subjects

used more packages than expected from the literature, though the number of packages

used by JodaMoney’s developers is more consistent with such literature. Moreover, both

groups of subjects used roughly the same number of single-class packages. Inexperienced

subjects seemed slightly more inclined to the recommendation of avoiding such structures

and not concentrating many classes in a single package.

Only five subjects proposed a hierarchical decomposition of classes into packages,

while the eight remaining subjects opted for a flat distribution, with no package containing

another package. Two out of these five subjects were experienced. This is an interesting

aspect because providing a flat distribution of classes into packages is a known limitation

of the most common formulation of the Software Module Clustering problem, and this

limitation is addressed in the present work. While this does not seem to be a concern

for many developers, at least for small projects, CRG variants and HMD can propose

hierarchical distributions of classes into packages, and the baseline LNS provides only

flat distributions.

4.6.3 Predictions on issue resolution

JodaMoney maintains its source code on the GitHub platform. The platform

provides an issue-tracking system where bugs and requests for new features can be

reported and monitored by the library’s users as the development team works on them.

GitHub also integrates the version-control system hosting the source code with the

issue-tracking system. This integration enables developers to mark issues as resolved by

referring to them in commit messages. Such issue-related commits allow researchers to

identify the source-code modules modified to address a given issue.

As of May 2017, JodaMoney’s issue-tracking system contained 50 registered

issues, including 41 resolved and 9 open issues. Among the resolved issues, 23 were

associated with commits to the version control system. Thirteen of these issues involved

modifications to at least one Java file (a class among the core classes comprising
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JodaMoney) that was not a test case. Six issues (#16, #24, #31, #35, #47, and #58)

involved changes to two or more classes. The classes associated with these issues were

used to determine whether the solutions found by the proposed optimization algorithms

(HMD+
25, HMD+

50, and HMD+
75) would be better predictors for classes related to the

same issues than the solutions proposed by JodaMoney’s authors, by the subjects, or by

the baseline optimization algorithms (HMD and LNS).

All six issues involved classes assigned to the same package in the solution

proposed by JodaMoney’s developers. In contrast, only four of these issues involved

classes grouped within the same package in the solution generated by the LNS

algorithm. The BigMoney and CurrencyUnit classes were changed together to solve

issue #31, but pertain to different packages in the solution found by LNS. Similarly, the

CurrencyUnit, CurrencyUnitDataProvider, and DefaultCurrencyUnitDataProvider

classes were changed together as part of issue #24’s resolution, but are not part of the

same package in the solution proposed by the algorithm. By comparison, five issues

involve classes placed in the same package by HMD+
25, HMD+

50, and HMD. The

exception for these algorithms was issue #31, which involved the CurrencyUnit and

BigMoney classes. HMD+
75 produced a distribution that led to three single-package

issues, still an improvement over LNS’s results.

Experienced subjects proposed solutions that encompassed classes that were

changed together to resolve, on average, 4.6 issues (median=5), while inexperienced

subjects brought together classes that were changed to resolve, on average, 3.6 issues

(median=4). Thus, for this small set of six issues, the solutions found by HMD+
25 and

HMD+
50 grouped the classes involved in as many issues as HMD and the median

experienced subject (five), and in more issues than LNS (four). Experienced developers,

in their turn, perform better than inexperienced subjects and our baseline LNS.

4.6.4 Predictions on concomitant changes

JodaMoney has been developed for over eight years, from its first commit to the

version control system (August 19, 2009) to the date when the data was collected for this
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experiment. The log of the version control system records 282 commits in this period,

255 of which were performed by the most active developer engaged in the project

(Stephen Colebourne). After him, one developer performed three commits, six

developers performed two commits, and twelve developers performed a single commit.

Half of the 282 commits involve one or more Java classes, and 129 of them involve

at least one Java class that is not a test case. Sixty commits involve two or more classes

among the 20 core classes in JodaMoney’s design. The average commit among the sixty

that were analyzed involved 4.3 classes (median=3), and the largest commit involved all

20 core classes.

We define a single-package commit as a commit to the version control system

involving two or more classes so that all these classes reside in the same package under a

given distribution of classes to packages. A distribution having more single-package

commits than a second distribution is considered a better distribution of classes to

packages because it places classes that change together frequently in the same package.

We investigated whether the distributions produced by the proposed optimization

algorithms (HMD+
25, HMD+

50, and HMD+
75) would outperform the distribution proposed

by JodaMoney’s authors, by the subjects, and by the baseline algorithms (HMD and LNS).

Table 4.17 reports our findings. Its first column presents the source of the distribution, the

second presents the number of single-package commits in the distribution, and the third

presents this number as a percentage of the sixty commits under analysis.

We observe that the distribution of classes to packages proposed by JodaMoney’s

authors outperforms all optimization algorithms and developers. On the other hand, the

proposed algorithms led to more single-package commits than the baselines, particularly

the flat LNS, and HMD+
50 matched the median of the experienced subjects. HMD+

50

performs slightly better than HMD+
25 and HMD+

75, with its solution leading to three extra

single-package commits. The baseline algorithms produce results comparable to those of

inexperienced developers.
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Table 4.17: Performance of the distribution of classes to packages proposed by
JodaMoney’s authors, the distributions proposed by the optimization algorithms, and the
distributions proposed by the subjects as of the number of single-package commits.

Distribution Source
Single-package Commits
Count Percentage

JodaMoney’s authors 46 76.7%
HMD+

25 28 46.7%
HMD+

50 31 51.7%
HMD+

75 28 46.7%
HMD 24 40.0%
LNS 19 31.7%
Experienced subjects (median) 31 51.7%
Inexperienced subjects (median) 24 40.0%

4.6.5 Comparison among solutions

Given that the solution proposed by JodaMoney’s authors was the best predictor

for concomitant changes and issue-related changes, next, we examine how close the

solutions found by optimization and proposed by our subjects are to the one used by

JodaMoney’s authors using the Tree Distance metric described in Section 4.5.1. This

metric counts the minimum number of node insertions, deletions, and relabelings

required to transform one tree into another, allowing us to measure how closely a

hierarchical distribution of classes to packages is to another. Smaller tree distances

represent closer distributions, while larger distances represent distributions that are very

different from one to another. In this sense, flat distributions are treated as one-level

hierarchical distributions.

Table 4.18 presents the tree distance values for the solution found by

optimization and those proposed by our subjects (median tree distance) when compared

to the solution proposed by JodaMoney’s authors. We observe that HMD+
25 and HMD+

50

produced the solutions closest to the one proposed by JodaMoney’s authors, closer than

those of the remaining optimization algorithms and than the median solutions of both
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Table 4.18: Tree distance between the distribution of classes to packages by the
optimization algorithms and subjects to the distribution proposed by JodaMoney’s
authors.

Distribution Source Tree Distance
HMD+

25 22
HMD+

50 22
HMD+

75 29
HMD 28
LNS 32
Experienced subjects (median) 26
Inexperienced subjects (median) 26.5

groups of subjects, whereas HMD+
75 was slightly farther than HMD. Thus, if we assume

that the clustering provided by the authors is a good solution – given the experience of

the project’s most active developer and its ability to predict classes changed together –

these results suggest that HMD+
25 and HMD+

50 improve over the baseline algorithms for

this project. Whether such solutions would actually help developers organize their

systems, however, cannot be concluded from this study (Section 4.6.7).

4.6.6 Discussion

The data presented in the former subsections suggest that, for the JodaMoney

project, HMD+
25 and HMD+

50 improve over the single-objective algorithms used as

baselines for hierarchical (HMD) and flat (LNS) clustering: they placed classes that

changed together in the same commits in the same package more often than these

algorithms, and did so for issue-related changes at least as often. The solution proposed

by JodaMoney’s authors, on the other hand, remains the best predictor for both kinds of

changes.

Beyond the raw performance metrics, the difference observed between the purely

structural approaches (HMD and LNS) and the hybrid formulations (HMD+
25 and

HMD+
50) is consistent with the view that static code structure offers only a partial view of
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how classes relate to each other. By incorporating version control data through the CRG,

the optimization process gains access to relationships that reflect how developers have

actually modified the system, which favors grouping classes that are frequently changed

together.

Nevertheless, the original human-authored architecture remains the best predictor

for localized changes, revealing the limits of automated optimization. Human designers

do not build software solely on structural coupling or history; they also rely on domain

knowledge, abstraction, and semantics that static code analysis does not capture. The fact

that HMD+
25 and HMD+

50 bridged part of this gap suggests that version control history

can capture some of this design knowledge. These results, however, should be interpreted

with caution: they come from a single small system, and the HMD+
p configurations used

JodaMoney’s change history – which includes the commits and issues analyzed in this

study – whereas the subjects and the baseline algorithms had no access to it.

4.6.7 Threats to Validity

The study reported in this section has some limitations that may threaten the

validity of its results. First, the study is based on a single software project used to

evaluate the usefulness of solutions to the Software Module Clustering problem that

were found through different means. JodaMoney is a small software library comprising

20 classes and may not be representative of the properties of the average software

project. However, the project size is reasonable, given that subjects were not expected to

invest more than two hours in the study. Moreover, we were able to gather enough

information to discuss the limitations of Software Module Clustering, even from this

small project.

Besides being small, JodaMoney had 50 issues registered in its issue-tracking

system and 282 commits registered in its version control system by the time we collected

information for the study. The number of issues related to two or more classes was

eventually reduced to six, and the number of commits related to two or more classes was
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reduced to sixty. These are relatively small numbers for the average software project and

may be biased towards the design chosen by JodaMoney’s developers.

A third limitation refers to the number of subjects participating in the study. While

only thirteen subjects participated in the study, they were all active software developers

working for companies in Brazil or abroad. Therefore, we had a small but diversified

sample of subjects.

Finally, many subjects requested more information after completing the

experimental analysis. Seven subjects asked for more information about the classes,

stating that the role played by some of these classes could not be discerned by the

information available in the class diagram they received – their names, attributes, and

relationships. Two subjects asked for sequence diagrams, which capture dynamic

relationships among classes as they call each other’s methods to perform some task. One

subject asked for a description of the requirements of the library under analysis. Neither

of these pieces of information was readily available, and the subjects had to work with

limited information, while the data they requested would probably be available in a real

project setting. We cannot rule out the possibility that their answers might be different if

they were given such data.

4.7 Summary

This chapter introduced and empirically validated the core contribution of this

thesis: the use of co-change relationships between classes to guide search-based

hierarchical software clustering. By recognizing that structural dependencies capture

only the mechanical skeleton of a system, we proposed the Commit Relation Graph

(CRG) to map the conceptual, implicit relationships that drive actual software

maintenance.

Addressing RQ2, our findings indicate that incorporating data from the

software’s change history to capture implicit class relationships improves the quality of

hierarchical software decompositions. The quantitative evaluation, conducted across 21

real-world open-source systems, demonstrated that augmenting the Minimum
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Description Length (MDL) fitness function with CRG-derived dependencies –

formalized as the HMD+
p model – effectively mitigates over-fragmentation inherent in

purely structural baselines. The HMD+
p configurations successfully bridged the gap

between static code representation and dynamic developer intent. Specifically, the

HMD+
25 configuration improved the descriptive authoritativeness of the generated

architectures, reducing the normalized Tree Edit Distance (ZSS/N) to the developers’

original design by 14% relative to the purely structural hierarchical baseline (HMD), a

comparison that isolates the contribution of the change-history data, and by 26% relative

to the non-hierarchical baseline (MQ). Furthermore, on the analyzed commit history, the

HMD+
50 configuration achieved single-package commit ratios (SPCR) and average

numbers of packages affected per commit (APC) similar, on average, to those of the

original human-authored designs.

A complementary study, based on data from a previous experiment with human

subjects on the JodaMoney project (Monçores et al., 2018), indicated that, for this

system, the decompositions generated by HMD+
25 and HMD+

50 placed classes that

changed together in the same package more often than the flat and hierarchical baselines,

with results comparable to those of the experienced subjects. As this evidence comes

from a single small system, it complements, but does not establish, the practical

usefulness of the approach.

Ultimately, the findings of this chapter reinforce that software architecture is not

a static artifact, but a structure that evolves over time. The HMD+
p approach translates

version control history into additional dependencies that bring the generated

decompositions closer to those proposed by developers. Whether it can help developers

analyze and restructure real systems, particularly large ones, remains to be investigated.
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5 CONCLUSIONS

This chapter concludes the thesis by summarizing the research
findings, addressing the proposed research questions, acknowledging
its limitations, and suggesting avenues for future research.

5.1 Overview

The Software Module Clustering (SMC) problem has historically been

approached as a non-hierarchical graph partitioning challenge. While traditional

optimization techniques driven by structural metrics, such as Modularization Quality

(MQ), succeed in isolating highly coupled components, they frequently produce overly

fragmented partitions. These flat architectures consistently fail to capture the nested,

conceptual organization intended by software developers, creating a persistent gap

between automated structural clustering and real-world semantic design.

This thesis proposed a hybrid, search-based hierarchical approach to address this

gap. By combining the Minimum Description Length (MDL) principle with change

history data extracted from version control systems – formalized as the Commit Relation

Graph (CRG) – we established a methodology that respects both the physical

dependencies of the source code and the implicit, historical relationships that dictate

software maintenance. Through experimental evaluations across multiple open-source

systems, we found evidence that co-change relationships – classes frequently modified

together in the same commits – complement static structural dependencies and bring the

generated hierarchical decompositions closer to those proposed by developers, indicating

that the change history is a relevant source of information for the SMC problem.
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5.2 Addressing the Research Questions

The primary objective of this research was to investigate whether hierarchical

representations and change history data could improve automated software clustering.

This objective was divided into two core research questions, which are addressed below

based on the empirical evidence gathered.

RQ1: Does using a hierarchical-based representation and metric to guide the search

for solutions to the SMC problem improve the generated solutions compared to non-

hierarchical approaches?

Yes. The experimental study presented in Chapter 3 showed that employing the

MDL metric to optimize a Hierarchical Modular Decomposition (HMD) improves the

authoritativeness of the generated solutions over the flat MQ baseline. The MQ

optimization exhibited a systemic bias toward over-fragmentation, producing an average

of 56.6 packages compared to 12.8 in DEV and 30.3 in the MDL solutions, which

achieved higher MoJoFM values in nine of the ten instances. The same comparison,

repeated on 21 sub-modules in Chapter 4, confirmed this pattern (averages of 53, 6, and

21 packages for MQ, DEV , and HMD, respectively), with statistically significant

differences in the normalized tree edit distance to the developers’ designs. While the

structural HMD approach produced a scale closer to that of the developers’, it still left a

semantic gap, indicating that static code dependencies alone are often too granular to

fully recover high-level architectural groupings.

RQ2: Does incorporating data from the software’s change history to capture

implicit relationships between classes improve the quality of hierarchical software

decompositions?

Yes, within the hierarchical MDL-based formulation evaluated in this thesis.

Integrating the Commit Relation Graph (CRG) into the MDL-based optimization,

formalized as the HMD+
p configurations in Chapter 4, reduced the identified semantic

gap and improved the authoritativeness of the generated architectures. By penalizing the
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separation of classes that frequently change together, the HMD+
p configurations reduced

the normalized Tree Edit Distance (ZSS/N) by 11% to 14% relative to the purely

structural HMD – the comparison that isolates the contribution of the change-history

data –, with statistically significant differences for all three thresholds. Relative to the

non-hierarchical baseline, the reduction reached 26% (HMD+
25), combining the effects of

the hierarchical formulation and the change-history data. Furthermore, on the analyzed

commit history, the HMD+
50 configuration yielded SPCR and APC values similar, on

average, to those of the original human-authored designs. Among the three thresholds,

HMD+
25 produced the decompositions closest to the developers’ designs, whereas

HMD+
50 produced the package count closest to theirs and the highest SPCR; since these

differences were small and not statistically significant for ZSS/N, the choice of threshold

remains open.

5.3 Limitations

While the proposed methodology demonstrates improvements, the experimental

evaluation has limitations and exposed boundary conditions where the approach requires

careful application:

• Vulnerability in Micro-architectures: The MDL fitness function is

mathematically driven to seek hierarchical depth and compression. In highly

specialized atomic libraries with few packages (e.g., the LJJ submodule, with 23

classes across 2 packages), the algorithm tends to over-fragment cohesive

domains. Forcing change-driven hierarchical clustering onto legitimately atomic

micro-libraries introduces unnecessary structural friction;

• Sensitivity to Transient Global Refactorings: The construction of the CRG

assumes that co-modifications indicate a conceptual relationship. However,

massive cross-cutting commits, such as automated license updates or global

method-renaming tasks, create artificial co-change dependencies (e.g., the

“Shotgun Surgery” anti-pattern). While the threshold mechanism filters out minor
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noise, hyper-fragmented legacy systems with dispersed commit histories can still

affect the algorithm’s capability to identify true semantic boundaries;

• Size of the evaluated systems: The evaluation was restricted to sub-modules with

up to about 200 classes because of the computational cost of the HAC∗ algorithm

combined with the MDL fitness function. Neither the feasibility of the approach

nor its effects on large systems, with thousands of classes, were assessed;

• Practical usefulness: The generated decompositions were compared with the

developers’ designs and with the projects’ change history, but we did not assess

whether they would help developers understand or maintain the analyzed systems;

5.4 Future Work

The findings of this thesis open several avenues for future research in Search-

Based Software Engineering and architecture recovery:

• Co-change relationships in other Software Engineering problems: The results

reported in Chapter 4 indicate that relationships derived from classes frequently

modified together in the same commits complement a system’s static structural

dependencies and bring the generated decompositions closer to those proposed by

its developers. This suggests that this information may also be useful for other

problems whose formulations rely mostly on structural data. Future research could

investigate its use in problems such as search-based refactoring (e.g.,

recommending move method or move class operations), the class responsibility

assignment problem (Bowman et al., 2010), and regression test selection and

prioritization, incorporating the CRG either as a complementary set of

dependencies, as done in the HMD+
p representation, or as an additional objective

in multi-objective formulations;

• Alternative co-change measures: The CRG measures the strength of co-change

relationships through the Jaccard coefficient, which captures only the symmetric
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co-occurrence of classes in commits. However, co-change coupling may be

asymmetric: a class A may be changed almost always together with a class B,

while B also changes with many other classes, so that A is more coupled to B than

B is to A. Measures from association rule mining could be explored to weight and

select these relationships, such as the support and confidence of association rules

(Agrawal et al., 1993; Zimmermann; Zeller, et al., 2005) and other interestingness

measures (Tan et al., 2004). Since confidence is directional, it could yield directed

change-related edges, whereas minimum support thresholds could discard

relationships backed by few commits;

• Separating the contributions of representation, metric, and change history: In

this thesis, we evaluated the change-history data only within the hierarchical

MDL-based formulation, and the comparison with the flat baseline changed the

representation and the fitness function at once. We could isolate them and evaluate

the CRG-derived edges in a flat formulation (e.g., adding them to the MDG

optimized by MQ) and the Ψ metric restricted to flat partitions, quantifying the

individual contribution of each component and their interactions;

• Additional similarity measures: The comparison with the developers’

decompositions relied on MoJoFM (Chapter 3) and on a tree edit distance

(Chapter 4). Other measures could complement this analysis, such as the precision

and recall of pairs of classes placed in the same package (Anquetil et al., 1999),

measures based on an optimal matching between the packages of two

decompositions, EdgeSim and MeCl, which also take the dependencies between

classes into account (Mitchell; Mancoridis, 2001), and frameworks designed for

nested decompositions (Shtern et al., 2004);

• Integration of Natural Language Processing (NLP): As observed during the

qualitative analysis, developers frequently group classes based on naming

conventions and domain semantics (e.g., classes sharing a Parameter suffix).

While initial studies by Rodrigues (Rodrigues, 2025) explored word embeddings
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for Java software remodularization, his approach focused primarily on static and

lexical features without incorporating version-control commit history. Therefore,

integrating NLP –specifically leveraging code-aware word embeddings rather than

general-purpose text embeddings – to extract semantic similarity from class

names, variables, and comments could serve as a third dimension of the

dependency graph, unifying structure, history, and semantics into a single

optimization process;

• Dynamic Threshold Calculation: The current HMD+
p model relies on fixed

percentiles (p ∈ {25,50,75}). Future research could investigate dynamic threshold

mechanisms that automatically determine the optimal CRG cut-off based on the

target system’s specific size, density, and historical volatility;

• Tooling and IDE Integration: To maximize industry impact, the optimization

algorithm could be adapted into a continuous integration tool or an IDE plugin. By

evaluating the complexity of a software project (Ψ) in real time, such a tool could

warn developers about architectural drift during code reviews, preventing the

degradation of modular boundaries before they are committed to the repository;

• Algorithmic Scalability and Heuristics: While the HAC∗ algorithm coupled with

the Ψ fitness function was evaluated on instances of up to about 200 classes,

applying this search procedure to large systems (with thousands of classes)

requires further heuristic optimizations or parallelization strategies to keep

computation time reasonable, as well as studies assessing whether the gains

observed here also hold for such systems;

• Evaluation with Random Graph Instances: Generating random graph instances

to systematically compare the clustering behavior and the resulting module sizes of

the MQ and MDL metrics under controlled scenarios;

• Machine Learning for Cost Function Design: Exploring computational learning

models, such as Reinforcement Learning algorithms (e.g., PPO or Q-learning), to
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automatically learn and map the cost function based on the authoritative

decompositions provided by software developers;

• Alternative Clustering Paradigms: Investigating the applicability of alternative

clustering techniques, such as spatial clustering and advanced graph clustering

algorithms, to further bypass structural constraints and improve partitioning

accuracy;

• Large Language Models (LLMs): LLMs could be explored in two

complementary ways. First, as a baseline, by asking a model to propose a

decomposition of the classes into packages – an inexpensive alternative that

captures the textual dimension of the relationships among classes (Section 2.6).

Second, use the model as an information source for optimization by estimating

semantic similarity between class pairs, which could be added to the dependencies

evaluated by Ψ, as done with the CRG, while keeping the search itself outside the

model. In both cases, the evaluation must control for the risk that the model has

seen the analyzed systems during training, for instance, by using proprietary

systems or systems created after the model’s training cutoff;

• Information Gain Heuristics: Incorporating concepts such as information gain –

commonly used in decision tree training methods – to refine the heuristic criteria

for merging or splitting clusters during the optimization process;

• Predictive Risk and Failure Analysis: Utilizing the Commit Relation Graph

(CRG) not only for clustering but also as an analytical tool to identify anomalous

architectural groupings, fragile code segments, and classes with a higher

propensity for failure or high-risk maintenance;

• Microservices Identification and Migration: Extending the practical application

of the co-modification-based clustering (CRG) to serve as a direct diagnostic tool

for architecture teams looking to refactor and migrate legacy monolithic systems

toward microservices architectures;

139



• Multi-objective formulation: Instead of merging structural and co-change

dependencies into a single graph controlled by a fixed threshold, the Ψ values

computed over each type of dependency could be treated as separate objectives,

allowing the search to present developers with a set of trade-offs between

structural and change-history criteria;

• Temporal validation: In this thesis, the CRG and the change-localization metrics

(SPCR and APC) were computed on the same commit history. A temporal split –

building the CRG with the commits up to a given date and computing SPCR and

APC on the subsequent commits – would assess whether the generated

decompositions also localize future changes, avoiding the overlap between the

data used for optimization and for evaluation;

• Evaluation with developers: The decompositions generated by the proposed

approach were not assessed by developers. Future studies could present them to

the developers of the analyzed systems or to development teams in companies,

collecting their opinion on whether the proposed packages are meaningful and

useful for understanding and maintaining the systems;

• Preprocessing of commits: The CRG considers each commit as a separate

transaction and does not filter commits by size or purpose. Future work could

analyze how common large commits are in each project and discard those

exceeding a threshold derived from the distribution of commit sizes, group

commits performed within short time windows or related to the same task, and use

commit messages – possibly classified with the help of LLMs – to identify

commits that are less relevant for modularization, such as formatting changes,

license updates, or global renamings;

• Robustness and instance characteristics: The stability of the proposed approach

could be assessed by applying small perturbations to the instances – for instance,

removing or adding dependencies and commits –, which would also allow
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estimating confidence intervals for the results. In addition, characterizing the

instances in terms of structural properties (e.g., density of dependencies) and

evolutionary properties (e.g., number of commits, number of developers, project

age, and commit frequency) could reveal which characteristics favor the use of

change history;

• Other domains: The proposed approach does not depend on specific properties of

source code: it requires only a set of structural dependencies among elements and

a history of joint modifications of these elements. It could therefore be applied to

other domains with the same characteristics, such as relational databases, whose

tables are related by foreign keys and are often changed together by the same

migrations, or legal codes, whose articles reference each other and are amended

together over time.

141



REFERENCES
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APPENDIX A LIST OF EXAMPLE COMMITS OF A
HYPOTHETICAL SYSTEM

1 commit #01
2 Author: Leo Antunes <leo.antunes@edu.unirio.br>
3 Date: Mon Mar 17 22:02:39 2025 +0000
4 Comment: initial commit
5

6 A c0/c1/c1 -1/m1.java
7 A c0/c1/m2.java
8 A c0/c1/c1 -1/m3.java
9 A c0/c1/m4.java

10 A c0/c2/c2 -1/m5.java
11 A c0/c2/c2 -1/m6.java
12 A c0/c2/m7.java
13 A c0/c2/c2 -1/m8.java

Listing A.1: commit #01

1 commit #02
2 Author: Leo Antunes <leo.antunes@edu.unirio.br>
3 Date: Mon Mar 18 19:47:25 2025 +0000
4 Comment: update #01
5

6 M c0/c1/c1 -1/m3.java
7 M c0/c1/m4.java

Listing A.2: commit #02

1 commit #03
2 Author: Leo Antunes <leo.antunes@edu.unirio.br>
3 Date: Mon Mar 19 18:36:54 2025 +0000
4 Comment: update #02
5

6 M c0/c2/c2 -1/m6.java
7 M c0/c2/c2 -1/m8.java

Listing A.3: commit #03

1 commit #04
2 Author: Leo Antunes <leo.antunes@edu.unirio.br>
3 Date: Mon Mar 20 20:03:45 2025 +0000
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4 Comment: update #03
5

6 M c0/c1/c1 -1/m1.java
7 M c0/c2/c2 -1/m5.java
8 M c0/c2/m7.java

Listing A.4: commit #04

1 commit #05
2 Author: Leo Antunes <leo.antunes@edu.unirio.br>
3 Date: Mon Mar 21 17:32:23 2025 +0000
4 Comment: update #04
5

6 M c0/c1/c1 -1/m1.java
7 M c0/c1/c1 -1/m3.java
8 M c0/c1/m4.java

Listing A.5: commit #05

1 commit #06
2 Author: Leo Antunes <leo.antunes@edu.unirio.br>
3 Date: Mon Mar 22 16:29:32 2025 +0000
4 Comment: update #05
5

6 M c0/c1/c1 -1/m3.java
7 M c0/c2/c2 -1/m5.java
8 M c0/c2/m7.java

Listing A.6: commit #06

1 commit #07
2 Author: Leo Antunes <leo.antunes@edu.unirio.br>
3 Date: Mon Mar 23 19:07:51 2025 +0000
4 Comment: update #06
5

6 M c0/c1/c1 -1/m1.java
7 M c0/c1/c1 -1/m3.java
8 M c0/c2/m7.java

Listing A.7: commit #07

1 commit #08
2 Author: Leo Antunes <leo.antunes@edu.unirio.br>
3 Date: Mon Mar 24 22:42:15 2025 +0000
4 Comment: update #07
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5

6 M c0/c1/c1 -1/m1.java
7 M c0/c1/c1 -1/m3.java
8 M c0/c1/m4.java

Listing A.8: commit #08

1 commit #09
2 Author: Leo Antunes <leo.antunes@edu.unirio.br>
3 Date: Mon Mar 25 21:15:13 2025 +0000
4 Comment: update #08
5

6 M c0/c1/m2.java
7 M c0/c1/c1 -1/m3.java
8 M c0/c1/m4.java

Listing A.9: commit #09

1 commit #10
2 Author: Leo Antunes <leo.antunes@edu.unirio.br>
3 Date: Mon Mar 26 15:08:31 2025 +0000
4 Comment: update #09
5

6 M c0/c2/c2 -1/m5.java
7 M c0/c2/c2 -1/m6.java

Listing A.10: commit #10

1 commit #11
2 Author: Leo Antunes <leo.antunes@edu.unirio.br>
3 Date: Mon Mar 27 18:46:22 2025 +0000
4 Comment: update #10
5

6 M c0/c1/m2.java
7 M c0/c2/m7.java

Listing A.11: commit #11

1 commit #12
2 Author: Leo Antunes <leo.antunes@edu.unirio.br>
3 Date: Mon Mar 28 23:51:55 2025 +0000
4 Comment: update #11
5

6 M c0/c1/c1 -1/m1.java
7 M c0/c2/c2 -1/m6.java
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8 M c0/c2/c2 -1/m8.java

Listing A.12: commit #12

1 commit #13
2 Author: Leo Antunes <leo.antunes@edu.unirio.br>
3 Date: Mon Mar 29 16:38:43 2025 +0000
4 Comment: update #12
5

6 M c0/c2/c2 -1/m5.java
7 M c0/c2/c2 -1/m6.java
8 M c0/c2/c2 -1/m8.java

Listing A.13: commit #13

1 commit #14
2 Author: Leo Antunes <leo.antunes@edu.unirio.br>
3 Date: Mon Mar 30 15:43:27 2025 +0000
4 Comment: update #13
5

6 M c0/c1/c1 -1/m1.java
7 M c0/c1/m2.java
8 M c0/c2/m7.java

Listing A.14: commit #14

1 commit #15
2 Author: Leo Antunes <leo.antunes@edu.unirio.br>
3 Date: Mon Mar 31 13:35:49 2025 +0000
4 Comment: update #14
5

6 M c0/c1/c1 -1/m1.java
7 M c0/c1/m2.java

Listing A.15: commit #15

1 commit #16
2 Author: Leo Antunes <leo.antunes@edu.unirio.br>
3 Date: Mon Apr 01 06:27:59 2025 +0000
4 Comment: update #15
5

6 M c0/c1/m2.java
7 M c0/c2/c2 -1/m6.java
8 M c0/c2/m7.java

Listing A.16: commit #16
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1 commit #17
2 Author: Leo Antunes <leo.antunes@edu.unirio.br>
3 Date: Mon Apr 02 14:06:11 2025 +0000
4 Comment: update #16
5

6 M c0/c2/c2 -1/m5.java
7 M c0/c2/m7.java
8 M c0/c2/c2 -1/m8.java

Listing A.17: commit #17

1 commit #18
2 Author: Leo Antunes <leo.antunes@edu.unirio.br>
3 Date: Mon Apr 03 19:21:14 2025 +0000
4 Comment: update #17
5

6 M c0/c1/c1 -1/m1.java
7 M c0/c1/m2.java
8 M c0/c2/c2 -1/m5.java

Listing A.18: commit #18

1 commit #19
2 Author: Leo Antunes <leo.antunes@edu.unirio.br>
3 Date: Mon Apr 04 14:57:17 2025 +0000
4 Comment: update #18
5

6 M c0/c1/m2.java
7 M c0/c1/c1 -1/m3.java
8 M c0/c1/m4.java

Listing A.19: commit #19

1 commit #20
2 Author: Leo Antunes <leo.antunes@edu.unirio.br>
3 Date: Mon Apr 05 10:45:54 2025 +0000
4 Comment: update #19
5

6 M c0/c2/c2 -1/m6.java
7 M c0/c2/m7.java
8 M c0/c2/c2 -1/m8.java

Listing A.20: commit #20
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