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Abstract

Software change requests are immediate drivers of software evolution. Prompted by the
need for new functionality, fixing bugs, or enhanced performance. Resolving such emer-
gent issues can end up being extremely difficult to resolve since software source code
entities are highly interconnected. Entities that must change together to assist in resolving
change requests are called co-changes. Identification and utilization of bugs typically in-
volve tedious, manual processes, to overcome this issue, bug localization techniques have
emerged to help developers. Bug localization is the activity that seeks to find source code
entities that are relevant to a given bug report. However, this method does not have any

property to extract co-changing entities from the ranked list while applying the bug fix.

This research attempts to identify co-changing source code entities during bug fixing using
a source-code-only approach. It is based on a method call dependency graph and a concept
lattice of conceptual relationships. The lattice supports a concept lattice-based ranking to
recommend the top ten co-change candidates. The study evaluates if the fusion of the
two architectures improves performance and compares the results to that of a machine
learning approach using a contrastive loss-trained Siamese network. The Siamese model is
evaluated with both its native similarity-based and Approximate Nearest Neighbor (ANN)

ranking strategies.

As such, the comparative study reflected considerable difference in the success level of
the proposed approaches. The combined approach, which utilizes the concept lattice and
dependency graph-based dependencies, achieved the rate of 90.33% success, followed by
the concept lattice-based method at 84.05%. The dependency graph-based approach in
isolation lagged behind with a success rate of 39.6%. On the other hand, Siamese network
models varied in terms of context inclusion. The Siamese network achieved a low 24.63%
success rate without context. The performance increased with contextual embeddings
from GraphCodeBERT to 65.21%. Nevertheless, embedding ANN search achieved suc-
cess rates of 71.01%. Lastly, the combined and concept lattice-based approaches showed
the highest accuracy, with the Siamese network performing competitively only when en-

riched with contextual information.

Keywords: Co-change Recommendation, Bug Localization, Dependency Graph, Formal
Concept Analysis (FCA), Concept Lattice, Siamese Network, ANN, FAISS.
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Chapter 1. Introduction

Software programs evolve constantly to meet changing business needs and new techno-
logical trends. Updates have to be constantly implemented to fix defects, improve them,
and introduce new features. However, handling changes in complex software programs is

very difficult [1].

Modifications to part of a codebase will also have corresponding changes elsewhere within
its component pieces to maintain cohesiveness and functionality. Such software co-change
produces a range of complications that developers must deal with by navigating through
large codebases, considering dependencies, and keeping module cohesiveness intact. Hand-
coded co-changes have a higher chance of introducing defects, leading to bugs, regres-
sions, and system crashes. Partial or faulty changes can have cascaded impacts within the
system. The ripple effect is used to quantify the likelihood that changing one module will

have unintended consequences on the overall program [2, 3, 4].

The absence of automated change management also makes it worse by adding to code-
base complexity and making it increasingly problematic to maintain in the long term.
With increasing software size, scalability is also of concern, but manual change manage-
ment hinders the effective management of large and complex codebases. Contemporary
software development is dynamic, where there are frequent updates and enhancements of
software. But this makes software complex, bringing along with it bugs that mostly result
from complex relationships among pieces of software. Mostly through manual processes,

one can identify and fix these bugs.

Studies have shown that more than 70% of bug fixes involve changes to multiple files,
and over 60% of defects are linked to change-prone or interdependent modules [5, 6, 7].
These figures underscore the scale and urgency of the co-change problem, reinforcing the

need for automated support.

To address this challenge, bug localization techniques have been developed that give de-

velopers a ranked set of software entities that are related to a given bug report.



1.1 Bug Localization Technique

Bug localization is an essential part of software engineering whose goal is to determine the
root causes of software faults [8]. This process employs many techniques and tools specif-
ically designed to identify the exact lines of code or program elements that are causing a
bug. Two of the most popular methods researched in existing bug localization literature
are spectrum-based methods [9] and information retrieval-based techniques [10, 11, 12].
Derivation of static features from source code or execution data using the spectrum-based
approach is time-consuming. The IR-based approach views source files as documents
and bug reports as queries. Then it ranks possible files based on the similarity between

the contents in the source files and the bug reports [13].

Since bug localization is an integral part of software evolution, many conclusions can
be drawn from the associated research. For instance, Tantithamthavorn et al.[14] assess
whether or not constructs impact bug localization and determine that methods and classes
are constructs that significantly impact bug localization efficiency. Note that this means
information retrieval is more successful over generalized programming languages such
as C# and Java[15]. In addition, Saha et al.[16] who attempt to increase bug localization
accuracy establish a more structured information retrieval. Their efforts come from an
average structure and semantics of source code and linked bug reports, indicating their

findings exceed average bug localization techniques[16].

A more broad overview of methods comes from Shree and Pushpalatha et al.[17] who cre-
ated a meta-analysis that tests bug localization efficacy across datasets and frameworks
which allows for comparison and understanding of how methods evolved from one to an-
other. Mere validation that bug localization required IR and program spectra was increas-
ingly advanced by Le et al.[18] who formed a multimodal approach to localization akin
to a translator between natural language and coding language[18]. The most recent con-
tribution was a deep learning based approach for SBugLocater which suggested a deep
matched model consisting of three layers of semantics, relevancy and collaborative fil-
tering. The standard deviation between the mean of other models in accurately finding

relevant buggy files was large[19].



1.2 Problem Statement

The development of a modern software program is a dynamic process characterized by
frequent updates and improvements to meet the evolving desires of people and technolog-
ical advancements. Bugs appear in this development due to the complexity of software
program systems, involve difficult dependencies between code components. Identifying
bugs in software program improvement is usually a manual and time-consuming task.
To solve this problem, several bug localization techniques have been introduced to help

identify source of bugs [14, 16, 17, 18].

Bug localization techniques give a ranked list of source code entities that are relevant to
a given bug report [14, 16]. When the technique is good, developers usually need to look
only the first couple of source code entities in the ranked list to identify one of the entities
that needs to be changed to fix the bug. For most bug reports, however, there is more than
one entity that has to be co-changed to fully fix the bug. While some earlier works have
attempted to identify co-changes through source code analysis [20, 21, 22, 23, 5, 24] and
change history mining [22, 23, 5], and conceptual coupling techniques—e.g., Relational
Topic Models and feature-based estimations—were powerful in detecting semantic rela-
tions [25, 26, 27], but are constrained by issues like high computational cost, validation
gaps, and susceptibility to subjectivity or overfitting. In this paper, we attempt to bridge
these limitations by proposing a hybrid method that combines dependency graph analy-
sis and concept lattice construction to identify co-changing entities needed to fully rectify

bugs initially detected by bug localization techniques.

To investigate and address the limitations outlined above, this study is guided by the fol-

lowing research questions.
RQ1 Can Dependency graph and Concept lattice be used to identify co-changing entities
from the source code?

RQ2 Does combining concept lattice and dependency graph based outputs improve the

recommendation system?

RQ3 Do the concept lattice-based, dependency graph-based, and combined approaches

outperform the Siamese network in co-change recommendation tasks?



1.3 Objectives

1.3.1 General Objective

The objective of this research is to develop an approach that identifies source code entities

that need to co-change to fully fix a bug using only the source code.

1.3.2 Specific Objectives

» Develop dependency and concept lattice using the source code which is containing

classes, methods and attributes.
* To identify which entities need to be co-changed when fixing the bug.

* To develop a method that generates the top 10 co-change file recommendations for

a given initial changed file.

* To compare the effectiveness of the primary co-change recommendation approaches

with various configurations of the Siamese Network model.

1.4 Contribution

This study offers three key contributions to the domain of software maintenance and evo-

lution:

* Advancement in Software Maintenance Practices: The proposed co-change rec-
ommendation approaches assist developers in identifying source code components
that are frequently modified together, thereby facilitating more informed and accu-

rate maintenance decisions.

* Improved Developer Efficiency: By offering guidance on potential co-changing
entities, the system supports developers in efficiently navigating and managing com-

plex and interdependent codebases.

* Mitigation of Software Defects: Through the identification of implicit and struc-
tural dependencies among source code entities, the approach reduces the likelihood
of introducing errors due to incomplete or inconsistent changes, contributing to

more reliable software systems.



1.5 Scope and Limitation

The Scope of this study lies in the conceptualization and development of a co-change rec-
ommendation system. The study is aimed at structured open-source software systems that
provide available source code and bug report data for analysis. Consideration is omit-
ted for proprietary software systems since the artifacts such as source code and historical

change records required for analysis are not present.

1.6 Organization of the Study

The remaining part of this thesis is structured as follows: Chapter Two outlines the under-
lying theory of the methods applied, including principal concepts and background tech-
nologies. Chapter Three presents literature review with the three co-change recommen-
dation strategies of main concern. Chapter Four outlines the methodology employed in
this research, including data preprocessing, model formulation, and training procedures.
Chapter Five discusses and presents experimental setup, results and discussion, and of-
fers a glimpse into the performance of each approach. Chapter Six finally summarizes the

main findings and suggests potential directions for future research.



Chapter 2. Background

The theoretical underpinnings of Formal Concept Analysis (FCA) are presented in this
chapter, along with a thorough rundown of FCA algorithms relevant to this study. The
idea of dependency graphs and how they are used in co-change suggestion are covered in
detail in the following sections. The chapter then goes on to examine the structure and
function of Siamese networks within the framework of this research. The theoretical un-
derpinnings of Approximate Nearest Neighbor (Approximate Nearest Neighbor (ANN))
search techniques are examined in the last part, emphasizing their importance for effective

suggestion generation.

2.1 Concept lattice

WILLE et al.[28] created formal concept analysis, which has since been used in a wide
range of fields, including computer sciences, mathematics, industrial engineering, biol-

ogy, medicine, psychology, sociology, anthropology, and linguistics.

W5
\Wl
SCl.java
W4 w3

SC1.java X X . SC2.java SC3.java
SC2.java X X X
SC3.java X X X X
SC4.java X X X X X SC4.java

(a) Formal context (b) Concept lattice

Figure 2.1: Formal concept representations



The study of hierarchically classifying objects according to their attributes is known as
formal concept analysis, or FCA. A concept lattice is the collection of all hierarchical
relationships in FCA [29]. The hierarchical relationship between qualities and objects is
depicted by a concept lattice[29]. A formal concept representation of four objects (files)
and five characteristics (words within the files) is shown in Figure 2.1. The formal context
is shown in Figure 2.1a, which shows the words’ presence in every file. The presence of
a specific characteristic in a given file is indicated by a >X’ mark. The attribute "W2’, for

example, is present in SC2.java, SC3.java, and SC4.java but not in SC1.java.

The concept lattice of the formal concepts shown as a table in Figure 2.1a is shown in
Figure 2.1b. Different information can be inferred more easily with the use of a concept
lattice representation. Since SC3.java is a descendent of SC1.java, for instance, all of the
properties found in SC1.java are likewise present in SC3.java. The concept lattice also
shows that "W5’ is the root node in every file, indicating that this property is present in

every file.

Formally speaking, a concept lattice is a triplet (A,B,G), where A stands for a collection
of objects (in this case, files), B for a collection of attributes (words), and G for a binary
relation between A and B. The following subsection outlines key properties of Formal

Concept Analysis (FCA) that are relevant to this study.

2.1.1 Important properties

This subsection discusses key FCA operations to provide a deeper understanding of the
methods used in this study. Assume a formal context for each operation (A, B, G), X C A
and Y C B [30]

2.1.1.1 Derivation (prime) operator

X'={beB for each acX:(a,b)eG} and B'={acA for each beY:(a,b)eG}

The set of all context-related qualities that all of X’s objects share is X', assuming that X

is a collection of objects.

2.1.1.2 Infimum

(Xla}/l) A (X27}/2> - (Xl N X27 (}/1 U }/2)//)



The most precise generalization that encompasses both ideas is the infimum of two. The
closest common node where the two concepts overlap is found by moving upward through

a concept lattice.

2.1.1.3 Supremum

(Xla}/l) \ (X27}/2) = ((Xl ) X2)//7Yl N }/2>

The most generic notion that includes both as subconcepts is the supremum of two concep-
tions. It is found by moving from the two provided nodes downward in a concept lattice

and locating the first (nearest) node where their descendent routes merge.

2.1.1.4 Implication

X=Y

A logical condition of the form if X, then Y is called an implication. In mathematical
terms, an implication X=-Y means that Y must be true if X is satisfied. The implication
must meet the requirement Y € X" in order to be considered legitimate. Stated otherwise,

the set Y must be a part of the set of objects associated with X" in order for X to imply Y.

2.1.2 Computational Complexity

In traditional FCA, computation of a complete concept lattice implies listing all formal
concepts of a given formal context. This is FCA problem with worst-case time complexity
of:

O (2min(ALIBD)

where |A| is the number of objects and |B| is the number of attributes. In-Close and
Next Closure are complete and non-redundant concept set generating algorithms but have
rapidly deteriorating performance for dense or large contexts because of exponential in-

crease in the number of possible concept combinations.



Conversely, our implementation takes a tailored and more scalable direction for applica-
tions to real-world software analysis. Instead of calculating the complete lattice, we con-
struct an **attribute-object inverted mapping** using dictionary-based representations.

This lightweight approach facilitates mining of concept-like relations.

* Derivation operations (e.g., computing X’ or Y’) are implemented using efficient
dictionary intersection, yielding a time complexity of O(n) per lookup, where 7 is

the size of the intersected set.

* Concept structure generation avoids exhaustive closure traversal and instead re-
lies on direct mappings, filtering, and selective inclusion based on attribute fre-

quency. This provides a compressed view of the data useful for co-change mining.

* Memory usage remains low, as the system only retains partial mappings (object-
to-attribute and attribute-to-object), unlike traditional FCA, which requires storing

all intents, extents, and lattice links.

Although this method doesn’t necessary construct the entire concept lattice, it is consider-
ably faster, more memory-friendly, and scalable to large systems. Moreover, it still retains
the ability to mine interesting co-change concepts from the data structure, which allows
one to utilize it for downstream recommendation and analysis tasks. This trade-off be-
tween completeness and computational complexity makes it highly valuable for software

engineering applications, where scalability is usually a significant concern.

2.2 Dependency Graph

A dependency graph is a directed graph G = (V, E'), where each node v € V' is a software
artifact (e.g., a file, class, or method), and each edge (u, v) € E'is a dependency from node
u to node v. Here, nodes are used to denote Java files, and edges represent method-level
dependencies between them in the form of function calls. This is derived from a graph

theory formalization and allows structural software system analysis [31].

From a graph-theoretic perspective:

» V: set of Java files involved in the project.

« £ CV x V: set of directed edges, where (v;, v;) indicates that file v; calls at least

one method in file v;.



The graph is directed and may contain cycles, indicating mutual or recursive dependencies.

The graph may also be disconnected, especially in large systems with loosely coupled

modules.

This representation supports several analytical goals:

* In-degree deg™ (v): number of files that depend on file v.
+ Out-degree deg™ (v): number of files that file v depends on.

* Fan-in/Fan-out analysis: used to assess the impact scope of a file and detect ar-

chitectural bottlenecks or hotspots.

* Reachability: path-based queries can determine whether changes in one file may

propagate to others.

* Cycle detection: essential for identifying tight coupling or design flaws.

The visual layout helps in understanding the system’s coupling. For example, six sam-
ple Java files are shown in Figure 2.2, demonstrating how different method calls are dis-
tributed across the system.

AClassjava X DClassjava X

Sample test Class.java
AClass { 1 DClass {
oid methodA id methodD
System.out.println(“Method in AClass"); System.out.println

C b = ne BClass(); EClass e = ne EClass();
b.methodB(); e.methodE();

BClassjava X EClassjava X

Sample test
1

= Sample test
BCla { 1
id methodB
System.out.println

( [ CClass();
c.methodC();

EClass {
oid methodE
System.out.println
3}
5
CClassjava X MainClassjava X

ample test ple tes vainClass.java
1 la { 1 MainCla {

id methodC id main(String
System.out.println(“Method in ( ass™); ACla a = ne AClass();
DClass d = DClass(); a.methodA();
d.methodD();

Figure 2.2: Sample Java Files

Figure 2.3 presents the resulting Java method call dependency graph built from these sam-
ples. A directed edge in this graph from node A to node B indicates that a method declared
in file A calls a method in file B. For example, there is a chain of dependencies from
MainClass to AClass to BClass with a path MainClass — AClass — BClass. Such a
chain reveals transitive dependency relationships, which are important for change impact

analysis.

10



Java Method Call Dependency Graph

MainC

Figure 2.3: Java Method Call Dependency Graph

By showing these relationships explicitly and graphically, the graph aids vulnerable code
identification, test case selection, and automatic co-change prediction methods. Its encod-
ing as an adjacency matrix or adjacency list can be programmatically utilized for integra-

tion with semantics-based recommendation systems as well.

2.3 Siamese Network

Siamese network is a type of neural architecture that is meant to learn similarity functions
using the comparison of two input samples. Originally developed by Bromley et al.[32] for
signature verification, a Siamese network comprises two or more identical subnetworks
sharing the same weights and structure. Each subnetwork takes one of the inputs and out-
puts a feature embedding. Its aim is to pull the alike items together in the embedding space
and move the unalike items apart. Due to its capacity for modeling pair-wise relations, the
Siamese network has been used extensively in applications like face recognition, one-shot
learning, and code clone detection[33]. Its shared-weight architecture guarantees that the
embeddings are learned in a symmetric and consistent manner, as required by similarity-

based recommendation systems such as co-change recommendation.

11



2.3.1 Contrastive Loss

Contrastive loss is a metric learning task that Siamese networks use to train the model to
discriminate between similar and dissimilar pairs of inputs. For a pair of samples, the net-
work calculates their respective embeddings and then calculates their Euclidean distance.
The contrastive loss function punishes the model when similar pairs are embedded distant
from one another, or when dissimilar pairs are embedded close to one another. Formally,

it is defined as:

L=1y-D*+ (1 —y) max(0,m — D)?

where D is the pair’s Euclidean distance, y € {0, 1} denotes whether the pair is similar (1)
or dissimilar (0), and m is a margin parameter[33]. Contrastive loss is effective for binary

classification tasks, particularly for learning discriminative embeddings from small data.

2.3.2 Triplet Loss

Triplet loss extends the concepts of contrastive learning but uses the training routine on
three samples: an anchor, a positive (similar), and a negative (dissimilar). The goal is to
minimize the distance from the anchor to the positive by some margin over the distance
from the anchor to the negative. This assists the model in learning finer relative distances

among samples. Triplet loss function is defined mathematically as:

L = max(0, D(a,p) — D(a,n) +m)

where D(a, p) denotes the distance between anchor and positive, and D(a, n) denotes the
distance between anchor and negative, and m is the margin[34]. Triplet loss has gained a
lot of popularity in face verification and ranking-based recommender systems because of

its strong comparative training procedure.

12



2.4 Approximate Nearest Neighbor (ANN)

Approximate Nearest Neighbor (ANN) search is a computational technique that attempts
to efficiently fetch data points in high-dimensional space that are ’close enough” to a query
point, without always necessarily returning the absolute closest match. In most machine
learning and information retrieval systems—e.g., recommendation systems, image search,
and natural language processing—datasets usually comprise millions of high-dimensional
vectors. Nearest neighbor search in these spaces can be computationally expensive due to
the “curse of dimensionality,” under which traditional algorithms like k-d trees degrade
severely in performance with high dimensionality[35]. ANN methods offer a trade-off
between accuracy and speed by allowing small mistakes from the true nearest neighbors,

leading to drastic gains in scalability and query time.

2.4.1 FAISS (Facebook AI Similarity Search)

Facebook AI Similarity Search (FAISS) is among the popular open-source Facebook
Artificial Intelligence (Al) Research libraries providing state-of-the-art ANN methods op-
timized for dense vector similarity search and clustering at scale[36]. FAISS provides
both Central Processing Unit (CPU) and Graphics Processing Unit (GPU) computing sup-
port, enabling one to search billions of vectors with low latency. It provides a number of
indexing methods like Flat (brute-force), Inverted File Index (IVF), and Product Quan-
tization (PQ) so that users can trade off between search accuracy, indexing time, and
memory consumption. Its modularity and its highly optimized C++ backend with Python
bindings make it especially well-suited for integration into deep learning pipelines, e.g.,

embedding-based recommender systems or co-change prediction in source code analysis.

In summary, for comparative purposes, the Siamese Network with a Contrastive Loss
function was employed, as the dataset used in this research is not well suited for Triplet
Loss. This is primarily because constructing effective triplets—consisting of anchor, pos-
itive, and hard negative examples—requires careful sampling strategies and large, well-
balanced datasets. Given the limited co-change instances per bug ID’s and the sparse
nature of the file relations, reliably identifying meaningful hard negatives would be chal-

lenging and could compromise the stability and convergence of triplet-based training.
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Chapter 3. Literature Review

Over the last few years, the recognition that understanding the dependencies between dif-
ferent parts of a codebase is very important has become widespread in the software devel-
opment world. A number of studies have tried to identify which files tend to get changed
together—a phenomenon known as co-change. Knowing this is central to ensuring that

the software remains high-quality and that bugs can be fixed efficiently.

In addition, Co-change plays a vital role not only in resolving software defects but also
in enhancing overall software maintainability and developer productivity. By identifying
co-change patterns, development teams can proactively target areas of the codebase prone
to defects, thereby improving the speed and accuracy of bug fixing. Moreover, automated
co-change tracking reduces the risk of introducing new defects during maintenance and

contributes to better-informed design and implementation decisions.

Co-change detection is done by three main methods. The first is evolutionary (or histori-
cal) analysis; this examines version control data over time to detect patterns of co-change.
The second is a conceptual method, which works by determining the relationships—se-
mantic or otherwise—between entities in the code. The third method is a hybrid approach
that uses both pattern detection in historical data and analysis of the semantic relationships
between code entities to determine what has changed in what else and how reliably we can

know that.

Every one of these groups has the distinct advantages and challenges of their own. If we

add up the pluses and minuses, we get the advantages and challenges of modern software.

Take evolutionary methods, for example. They tend to work pretty well when we’re trying
to capture changes over time. However, they have a somewhat easier time with shallow
relationships than with deep, sometimes hidden ones. Conversely, conceptual approaches
can provide insights based on the structure and functionality of the code but may lack the

empirical grounding provided by historical data.
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As we delve into the literature surrounding these co-change recommendation techniques,
it becomes evident that while significant progress has been made in identifying files that
tend to change together, there remains a gap in the ability to translate this information into
actionable insights for bug localization. The idea of this research is that bug localization
can identify buggy files but doesn’t suggest co-changed entities to fully fix the bug, so

this study use co-change recommendation to support the bug localization.

The following sections present a review of the literature related to the three primary ap-

proaches for identifying co-changing files.
3.1 Evolutionary Co-change Approach

Evolutionary coupling, also known as change coupling, has been considerably delved in
software engineering exploration and practice. If a group of program realities changed
together( i.e.,co-changed) constantly during the elaboration of a software system, it’s an-
ticipated that the realities in the group are coupled. This type of coupling which we can
realize from the evolutionary history of a software system is called evolutionary coupling.
If a group of program realities displayed evolutionary coupling in history, a change in one
reality in the future is probably to bear matching changes to the other realities in the group
[37].
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Islam et al. [37] introduce a novel concept called transitive association rules, which help
to identify evolutionary coupling among program entities that have not co-changed in
the past. The authors refer to this coupling as transitive evolutionary coupling. Regular
association rules cannot predict coupling between program entities that have not previ-
ously changed together. A regular association is a formal expression of the form X — Y,
where X is the antecedent and Y is the consequent. It represents a relationship between
sets of program entities. Association rules are used to identify frequent item sets in large
databases and can be applied to software systems to detect relationships between program
entities. An association rule has two measures: support and confidence. Support is the
number of commits an entity or a group of entities changed. Confidence of an association
rule X — Y is the conditional probability that Y will change in a commit operation given
that X has changed in that commit operation. The authors apply transitivity to regular
association rules to create transitive association rules. A co-change prediction mechanism
that employs both regular and transitive association rules outperforms a state-of-the-art
technique called Targeted Association Rule Mining for All Queries (TARMAQ). The use
of transitive association rules in conjunction with regular association rules can enhance
the prediction of co-change among program entities. However, Islam et al.’s technique is
very time-consuming, making it unsuitable for making co-change suggestions in real-time

coding environments.

Agrawal et al. [38] propose an approach that combines software metrics with revision his-
tory to establish relationships among co-changed classes and predict future changeability
patterns. This approach utilizes regression analysis to build a prediction model for change
proneness. The authors validate their method using eight open-source software applica-
tions, demonstrating its potential applicability in diverse software development contexts.
The practical implications of their work include the identification of co-changed classes,
prediction of changeability patterns, and evaluation of change impact. The results in-
dicate promise for significantly benefiting software application maintenance. However,
two limitations worth considering are the assumption of static relationships and Missing
co-change identification, Assumption of static relationships: The approach assumes a con-
sistent relationship between software metrics and change proneness over time, which may
not hold true in dynamic software development environments. Missing co-change iden-
tification: Unlike other approaches that consider structural information, this method does

not address the specific identification of co-changed classes.

16



Software change impact analysis aims to identify classes that are likely to be affected
by a change. Revision history provides valuable information for identifying evolutionary
coupling. Agrawal et al. [1] did an empirical study on the age of change history influ-
ences co-change prediction results, with older commits having less relevance than newer
ones. Recent studies suggest that emphasizing recent changes can improve co-change
prediction accuracy due to their higher likelihood of indicating instability. Their study
empirically evaluates the impact of commit age on co-change probability prediction. The
analysis utilizes 13 open-source software systems and two coupling metrics: Likelihood of
Co-change (LiCh) and Co-change Prospect (CChpr). LiCh helps calculate the co-change
probability for a pair of classes, while CChpr estimates class change coupling. To enhance
changeability prediction accuracy, the proposed framework filters change commits before
calculating coupling metrics. Singular or lengthy change commits are disregarded as they
provide limited insights into co-changed classes. Revision history is then divided into two
sets: the reference set (R) and the prediction set (P). The reference set comprises the en-
tire revision history excluding the latest revision and is used to generate co-changeability
patterns. The prediction set consists solely of the latest revision history and is used to cal-
culate the age of co-changed classes. Once the age of co-changed classes is determined,

a weight factor is calculated, assigning a higher weight to more recent co-changes.

Finally, LiCh and CChpr are calculated using the weight factor. To identify classes af-
fected by a change, the change influence set is employed, utilizing a cut-off point. LiCh
values above the cut-off point are considered indicative of co-changed classes. The results
demonstrate that assigning higher weight to newer revisions and lower weight to older re-
visions improves prediction accuracy. This research provides new insights into the role
of revision age in making accurate predictions. However, the study does not provide a
comparison with other existing approaches for co-change prediction, limiting the ability
to assess the effectiveness of the proposed approach. Also, the potential scalability issues
of the proposed framework when applied to larger software applications with a higher

number of classes and commits.
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Mondal et al. [39] explore five different ranking mechanisms for prioritizing co-change
candidates identified through evolutionary coupling. These mechanisms are evaluated on
thousands of revisions across ten software systems. Their findings reveal that the opti-
mal ranking mechanism can vary depending on the software system’s evolutionary stage.
To address this challenge, they propose HistoRank, a history-based ranking approach that
analyzes past co-change occurrences to prioritize candidates. HistoRank demonstrates
superior performance across all subject systems. Further investigation of two HistoRank
variants confirms that the original version, which prioritizes the most recent co-changes,
achieves the best results. However, the revision history lengths of the investigated sub-
ject systems might not be sufficient to generalize the findings. Also, the author does not

explore the scalability of the proposed HistoRank approach on larger software systems.

Daihong Zhou et al. [40] did an empirical study that delves into the evolutionary coupling
and categorizes frequent co-changes between files. It achieves this through an analysis of
27,087 co-change commits across 6 open-source systems. The study meticulously extracts
fine-grained change information from version control systems to investigate co-change
relationships between files based on 5 distinct types of program entities. It identifies 6
types of dominating co-change relationships, which can be attributed to structural cou-
pling, semantic coupling, or implicit dependencies. Interestingly, the study reveals that
files may exhibit varying co-change relationships at different phases in their evolutionary
history. It further demonstrates how the rich information embedded within these fine-
grained co-change relationships can empower developers to confidently modify code at
multiple locations and facilitate comprehensive change impact analysis. The co-change
relationships identified in this study hold significant potential to support software main-
tenance tasks by providing valuable insights into potential design problems and guiding
effective maintenance actions. However, the author does not discuss the potential impact
of different programming languages or development practices on the observed co-change

relationships.
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3.2 Conceptual Co-change Approach

In software co-change, conceptual coupling refers to the implicit or semantic relationship
between software artifacts, showing the degree of interdependence based on conceptual
similarity. It’s connected to the concept of change coupling, which describes how software
artifacts evolve in tandem. This idea is critical for understanding the relationships and
inter dependencies between various aspects of a software system, and it can be used to
supplement existing measures, particularly in activities such as effect analysis and change
propagation. Developers can acquire insights into the historical relationships and hidden
dependencies inside the software system by analyzing conceptual coupling and co-change
relationships, which is useful for change effect analysis and maintaining a well-structured

and resilient system [41].

Conceptual analysis is an approach that extracts the conceptual dependence based on non-
source code information, together with prominent identifiers in the source code. Ajienka
et al. [42] seek to close gaps in the research on measuring the semantic coupling of soft-
ware classes and the interaction between semantic and change coupling. The study exam-
ines the efficiency of evaluating semantic coupling in a software system using identifier-
based methodologies versus word corpora of entire classes. The actual results reveal that
identifier-based methods are more computationally efficient than corpora-based methods
for computing semantic coupling, but they cannot always be utilized interchangeably.
There is no association between semantic and change coupling, and there is a directional
relationship between the two, with over 70 % of semantic dependencies being linked by
change coupling but not vice versa. The report presents the findings of an empirical study
of 79 Java-based open-source projects to determine the degree of semantic connection be-
tween the pairings of classes and predict the possibility of future co-change. However, the
examination of the correlation between identifier and corpora-based methods of comput-
ing semantic coupling is time-consuming, resulting in the investigation of only a subset

of projects. This may restrict the finding’s generalizability.
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Poshyvanyk et al. [43] propose a novel set of operational measures for the conceptual
coupling of classes in object-oriented software systems, using information retrieval tech-
niques. The authors compare these measures with existing structural coupling metrics to
assess their effectiveness in impact analysis. The results demonstrate that the proposed
measures capture different aspects of coupling between classes and serve as superior in-
dicators of change ripple effects. This research lays the groundwork for further research
in several areas: combining conceptual and structural coupling measures for more com-
prehensive impact analysis and hidden dependency detection, extending prior work on
software clustering, concept location, and high-level concept clone detection. However,
the research acknowledges several limitations to consider. First, the conceptual coupling
measures rely on the assumption of rational naming conventions for identifiers and com-
ments in the source code. Second, they currently do not account for polymorphism and
inheritance. Additionally, the evaluation is based on a single large software system, po-
tentially limiting the generalizability of the results. Finally, the case study employed only
structural metrics derived from static source code information, while the results might

differ if dynamic coupling measures were used.

Mathur et al. [27] underscore the pivotal role of pre-processing and grouping semanti-
cally related change sets before pinpointing logical coupling, particularly within scenar-
10os involving multiple code contributors working on the same change. The researchers
employ Support and Confidence as association rule-based metrics to forecast the extent
of logical coupling among software artifacts. To validate their proposed method, they
present a preliminary evaluation utilizing real-world Git repositories and meticulously
document their key observations. By harnessing techniques such as cosine similarity and
work item hashtag matching, the author group change sets effectively. Cosine similar-
ity serves to calculate the degree of similarity between revision comments found within
software change sets. This calculation hinges upon the term frequency (tf) weight of each
term within the respective revision comment. To compute the cosine similarity, the input
query and documents undergo a conversion into their corresponding unit vectors of words.
Hashtag matching emerges as a technique adept at grouping semantically related change
sets within atomic-commit featured Version Control Systems. It operates in concert with
cosine similarity to augment the identification of logical dependencies within software
artifacts. The authors’ findings unveil that hashtag grouping achieved a high degree of ac-
curacy, while cosine similarity yielded minimal false positives. However, they advocate
for further research and evaluation to rigorously assess the generalizability and robust-
ness of the proposed method across a diverse array of software systems and development

environments.
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By utilizing Formal Concept Analysis (FCA), Meleake et al.[44] presented a conceptual-
based method for detecting co-changes that is independent of substantial historical data.
By building concept lattices from source code properties, their approach proposes con-
ceptually linked co-changes that capture the structural and semantic linkages seen in the
existing codebase. In order to improve the matching process with up-to-date contextual
information and increase the relevance of the proposed co-changes, the method includes
commit messages and commit content as extra characteristics during the recommendation
phase. The researchers cloned 36 Java-based Apache projects from GitHub and extracted
106,877 contributions with two to eight modified files in order to assess the methodol-
ogy. This range was chosen to exclude huge refactoring commits that might add noise
by touching numerous unrelated files, while also representing plausible co-changes. For
every project version (tag), concept lattices were created, and the proposed files were
ranked according to attribute similarity in order to evaluate the recommendations’ cor-
rectness. 52.82% of the top 10 recommendations, according to the study, coincided with

real co-changes, indicating both the approach’s promise and areas for improvement.

3.3 Hybrid Co-change Approach

Either historical co-change data or conceptual commonalities between software artifacts
have been the main focus of popular techniques. Recent studies, however, highlight the
effectiveness of hybrid strategies that combine conceptual and historical data to improve

the accuracy of co-change predictions.

Based on historical change log data, HA Ahmed et al.[45] present a File-level Change
Propagation to Vector (FCP2Vec) approach to anticipate change propagation in software
systems. Based on the file being worked on by developers, FCP2Vec is created as a rec-
ommendation system to identify files that may change propagation in the future. To un-
derstand the historical development sequence of transactions software change log data, the
solution employs a skip-gram algorithm with negative sampling and unsupervised nearest
neighbors. FCP2Vec’s usefulness is demonstrated in a case study utilizing three publicly
available data sets: Vuze, Spring Framework, and Elasticsearch. When compared to the
Dependency network approach, the results indicate greater accuracy in predicting change
propagation. However, the author does not address how the accuracy of change propaga-

tion estimates may be impacted by noise or outliers in the change log data.
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Wiese et al. [46] presents an empirical study exploring the effectiveness of incorporating
contextual information from issues, developer communication, and commit metadata into
software artifact co-change prediction. The study finds that customized prediction models
utilizing this contextual information significantly outperform the widely used baseline of
association rules in terms of F-measure. It also identifies the most influential types of con-
textual information, encompassing both social (e.g., communication network closeness)
and technical (e.g., code churn) aspects. However, the study’s external validity may be
limited due to its focus on a specific data-set, and potential over-fitting in the prediction
models remains a concern. However, the findings suggest that incorporating contextual
information can lead to more accurate co-change recommendations, thereby improving
the effectiveness of co-change prediction in software development.Additionally, Jia et al.
[47] presented a learning-to-rank method that predicts and ranks co-changed methods at
the pull-request level by combining source code features and change history. The Random
Forest model outperforms other models in accuracy, highlighting the value of combining
several data sources for co-change prediction, according to their studies conducted across

150 open-source Java projects.

This paper builds on and extends the work of Meleake et al. [44], who employed FCA
as a technique to identify co-changing source code entities. While their study focused on
getting conceptual relationships from FCA, this paper advances that method by combining
it with dependency graph analysis and applying it in a broader recommendation scheme.
This is done so that detection of co-change in software maintenance processes is more

accurate and useful.
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Chapter 4. Methodology

There are four sections in this chapter. The dataset and the data collection procedure are
presented in the first part. The main methodology, comprising concept lattice building,
dependency graph development, and their integration for recommendations generation, is
described in the second section. The third section introduces the Siamese network-based
approach, explaining its training and recommendation phases, which are later used for
comparison. The evaluation method used to gauge the efficacy of all methods are covered

in the final section.
4.1 Dataset

For the research conducted in this study, the Eclipse Communication Framework (ECF)
project—an open-source Java-based software system—was selected as the target system.
The source code consists of 2,802 files, providing a sufficiently large and complex code-
base to evaluate the scalability and robustness of the proposed co-change recommendation
methods. The ECF subject system was cloned from GitHub due to its publicly available

source code and contextual information.

From this subject system, 207 Gold set cases were selected after a series of preprocessing
steps. These steps are detailed in Subsection 4.2.2. The selected Gold sets were grouped
by the number of actual co-changed files (i.e., ground truth files excluding the first changed

file). The distribution is as follows, as presented in Table 4.1:
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Table 4.1: Distribution of Gold Sets by Number of Actual Co-changed Files

Number of Co-changed Files | Number of Gold Set Cases
1 59
2 39
3 25
4 14
5 8
6 8
7 12
8 6
9 3
10 6
11 1
12 1
13 1
14 2
16 1
17 2
18 1
19 1
20 17

4.1.1 Data collection method

For data collection, the ECF subject system was obtained from the BLIZZARD project
[48] on GitHub, a bug localization tool that hosts six open-source systems, including the
one selected for this experiment. The source code files in BLIZZARD were renamed using
numerical identifiers for security and other purposes. However, to ensure compatibility
with the recommender system, these files were reverted to their fully qualified package
names. Retaining the numerical name format would have made it impractical for the
recommender system to locate the initially changed file within the generated dataset, as

the Gold set retains the original source code names.
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In addition, the renaming of the files to their corresponding class names caused many
duplicates, which introduced ambiguity during the recommendation process. This was

corrected by extracting the entire package structure and reorganizing it.

For instance, if a Gold set entry had the path ”framework/bundles/org.example.module.ui
/src/org/example/internal/module/ui/Component.java”, the system renamed it to ’org_ex-
ample_internal module ui Component.java” to make it unique. The recommender sys-
tem then used this renamed format to query the dataset, search for matches, and generate

a list of files most likely to co-change with the initially changed file.

4.2 Concept lattice and Dependency graph
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Figure 4.1: High level overview of the Model

This section discusses the proposed methodology used for this research. The source code
and the Gold set data provide the input for our study, as illustrated in Figure 4.1. The De-
pendency Graph Generator and Recommendation System, context lattice, and preprocess-
ing are the three primary parts of our method that work together to achieve the objective.

Each component is explained in detail in the subsection that follows.
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4.2.1 Concept lattice Pre-processing

To improve the quality of the input, the preprocessing stage is tasked with the removal of
irrelevant information. This stage, which works on source code files, includes three basic
processes: tokenization, removal of stopwords, and stemming. Together, these processes

guarantee that the preprocessed data is well structured and ready for further analysis.

Tokenization is a critical preprocessing task that transforms raw Java source code into
structured lexical units to enable subsequent analysis such as concept lattice construc-
tion and similarity-based recommendation. Tokenization in this work takes a composite
rule-based method involving camel case splitting, whitespace segmentation, and vocab-
ulary filtering. Camel case identifier names such as parseUserInputData are separated
into semantically meaningful tokens such as “parse”, user”, “input”, and “data” based
on recognition of case changes from lower to upper case letters. Whitespaces are used
for token delimiting fetched from code constructs such as variable declarations, method
calls, and inline comments (such as String userInput = scanner.next(); is tokenized into

2% 9 9% 99: 2% 9 2% 9

’string”, “user”, ’input”, ’scanner”, “next”’). For semantic significance, the token stream
is processed using the nltk.corpus.words module, which provides an English word list to
maintain valid linguistic terms. However, to avoid deleting meaningful domain-specific
identifiers that exist outside common dictionaries, a manually compiled programming lex-
icon is kept side-by-side. Such programming lexicon rules maintain software engineering
words such as ”dto”, "repo”, “configurator”, and auth”, which are removed by default
English filters but possess significant contextual significance within code. Such rules
in aggregate deliver a normalized token set with semantic coverage for overall language
semantics as well as domain-specific usage, preserving a high-quality representation of

source code for downstream analysis.

Stopword removal is an Natural Language Processing (NLP) preprocessing method that

99 99:
1

removes frequent words—e.g., ’the,” ”’is,” or ”and”—from text data to allow more weight
for important words. It improves co-change pattern mining by assigning more importance

to important keywords with a higher chance to represent relations among various entities.
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The final preprocessing task is stemming, a text normalization technique that reduces
words to their root word by removing prefixes and suffixes. The enhancement is required
so that various forms of the same word will be processed in a way that consistency will

29 9

be achieved in text analysis. For instance, the terms “analyze,” ”analyzing,” and “ana-
lyzed” all trace back to the original term “analyze.” Stemming clusters related word forms
together and thereby enhances the efficiency and effectiveness of co-change pattern min-

ing.

4.2.2 Gold set pre-processing

A Gold set is a collection that consists of a set of modified files according to bug reports,
and a Gold set is saved by its corresponding bug ID. The Gold set is used as the ground

truth or gold standard to assess software engineering practices.

Our preprocessing of the Gold set for co-change recommendation involved three signifi-
cant steps. First, file path entries that were single were eliminated since they cannot help
in discovering any co-change relation. Second, duplicate file paths in each Gold set were
eliminated so that each file was represented only once against each bug ID to avoid over
representation. Third, Gold sets that had over 21 file paths were eliminated to avoid noise
and for better computational efficiency. These pre-processing steps make the dataset more

reliable, leading to a more efficient and accurate co-change recommendation system.

4.2.3 Concept lattice generation

To generate a concept lattice, stemmed words act as attributes, and files serve as objects.
JavaScript Object Notation (JSON) is utilized to implement this structure, as it provides
a flexible, language-independent format that simplifies object and attribute retrieval. The
JSON-based tabular representation offers a structured method for organizing concept lat-

tice, as demonstrated in Figure 2.1, ensuring efficient data accessibility and analysis.

The JSON object representing the formal context shown in Figure 2.1 is structured as

follows.
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object={"Nodes":{
"SC1l.java":{"W1":true,"W3":true, "W5":true},
"SC2.java":{"W2":true,"W4" :true, "W5":truel,
"SC3.java":{"W1":true,"W2":true, "W3":true, "W5":true},
"SC4.java":{"W1":true,"W2":true, "W3":true, "W4":true, "W5":true} },
"Edge": {
"Wi":{"SC1.java":true,"SC3.java":true,"SC3. java":true},
"w2":{"SC2.java":true,"SC3.java":true,"SC4. java":true},
"W3":{"SC1.java":true,"SC3.java":true,"SC4.java":true},
"W4":{"SC2.java":true,"SC4.java":true 1},

"W5":{"SC1.java":true,"SC2.java":true,"SC3. java":true,"SC4. java":true} }

Figure 4.2: JSON-based Concept Lattice Representation with Objects and Attributes

Figure 4.2 presents a JSON representation of a concept lattice derived from source code.
The object.Nodes section maps to the objects (or classes) in the lattice — each key (e.g.,
SC1 java, SC2.java) represents a source code file, and the associated values (e.g., W1,
W3) represent the attributes (e.g., words) that file contains. Conversely, the object.Edge
section lists each attribute (e.g., W1, W2) and maps it back to the set of source code files

(objects) that exhibit it.

The JSON object effectively encapsulates all essential information from the tabular rep-
resentation in a clear and structured manner. It includes both files and stemmed words
as attributes, facilitating efficient retrieval during recommendations. While maintaining
both attributes may lead to increased memory consumption, the trade-off is justified by
the computational advantages it offers, making the memory overhead a manageable con-

sideration.
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Concept lattice generation is a process that involves a series of successive stages, each
stage playing a differently significant role in total computational expense. At pre-processing
based on parsing and structuring attribute data in source files, time expense was incurred
around 2.00 seconds and maximum memory usage of 22,910.06 KB. Next, the object
structure creation—when the file nodes were given their attributes—was achieved in 0.17
seconds with approximately 8,123.52 KB of memory consumption. Finally, the file struc-
ture creation (or node-to-attribute mapping) took a practically negligible 0.04 seconds and
7,880.01 KB of memory, showing that this action carries minimal or no computational bur-
den. The Python’s internal data structure was converted into JSON form in 0.60 seconds,

and then disk output took another 0.26 seconds.

In total, the overall runtime of the entire pipeline of concept lattice building was below 3.1
seconds, and the memory usage of preprocessing took the most. The computation had a
very low overhead, which confirms that the construction of the concept lattice is efficient

and scalable enough to be used in practical uses with huge codebases.

4.2.4 Dependency graph generation

The visual representation of the dependency graph is not utilized in this study due to two
primary limitations. First, it is not a feasible input for the recommendation system, and
second, as the source code size increases, visualizing the graph becomes impractical. In-
stead, JSON is adopted for a more structured and scalable representation. In this format,
each entry under ”Nodes” represents a Java class and includes: “methods”, listing the
methods within the class; ”fan_in”, identifying incoming dependencies from other classes
and methods; and ”fan_out”, specifying outgoing dependencies to invoked methods. Ad-
ditionally, the Edges” array explicitly defines method calls between different classes, de-
tailing both the source class and method initiating the call and the target class and method
being invoked. This structured representation facilitates efficient data retrieval and anal-

ysis.

The JSON representing the dependency graph shown in Figure 2.3 is structured as follows.

{"Nodes": { "AClass.java": { "methods": [ "methodA" 1],
"fan_in": [ { "source_file": "MainClass.java",
"calling method": "main" } ],
"fan out": [ { "target_file": "BClass.java",
"called_method": "methodB" } 1 1,
"BClass.java": { "methods": ["methodB" ],
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"fan_in": [{ "source_file": "AClass.java",
"calling method": "methodA" } 1],
"fan out": [ { "target_file": "CClass.java",
"called method": "methodC" } ] 1},
"CClass.java": {"methods": ["methodC"],
"fan_in": [{"source_file": "BClass.java",
"calling_method": "methodB" }],
"fan_out": [{"target_file": "DClass.java",
"called method": "methodD" } ] 1},
"DClass.java": { "methods": [ "methodD" ],
"fan_in": [ { "source_file": "CClass.java",
"calling method": "methodC" } 1],
"fan out": [ { "target_file": "EClass.java",
"called method": "methodE" } ] 1},
"EClass.java": { "methods": [ "methodE" ],
"fan_in": [ { "source_file": "DClass.java",
"calling method": "methodD" } ],
"fan out": [ ] },
"MainClass.java": { "methods": [ "main" ],
"fan in": [ ],
"fan _out": [ { "target_file": "AClass.java",

"called method": "methodA" } ] } },

"Edges": [ { "source": "AClass.java",

"target": "BClass.java",
"method": "methodA",
"called_method": "methodB" 1},
{ "source": "BClass.java",
"target": "CClass.java",
"method": "methodB",
"called_method": "methodC" 1},
{ "source": "CClass.java",
"target": "DClass.java",
"method": "methodC",
"called_method": "methodD" 1},
{ "source": "DClass.java",

"target": "EClass.java",
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"method": "methodD",

"called method": "methodE" },
{ T"source": "MainClass.java",

"target": "AClass.java",

"method": "main",

"called method": "methodA" }]}

Figure 4.3: JSON-based Dependency Graph Representation

Figure 4.3 shows the JSON representation of a method dependency graph, illustrating the
relationships between Java classes and their method interactions. Each class is represented
as a Node, containing its defined methods, incoming dependencies (fan-in), and outgoing
dependencies (fan-out), while the Edges specify method calls between classes. Although
the provided sample exhibits a chained dependency structure, in a larger software sys-
tem, dependencies are typically more complex and interconnected rather than strictly hi-
erarchical. The JSON format ensures a structured yet flexible representation, capable of
capturing diverse dependency patterns, including multiple incoming and outgoing con-
nections. Additionally, MainClass.java has an empty fan-in because no other class calls
its main method, indicating its role as the program’s entry point. Similarly, EClass.java
has an empty fan-out, meaning its methodE does not invoke any further methods, making
it an endpoint in this specific example. This structured representation aids in co-change
recommendation, and providing a clear overview of how methods interact across different
classes.

To better understand the practical resource requirements of the system, we also measured
the computation time and memory usage at the major phases of the dependency graph
construction process. The node construction phase, structuring and extracting file-level
method calls, took 33.57 seconds to finish and used about 36,168 KB of memory. The
second phase of edge construction, which consists of connecting method call relationships
between files (Caller and Called methods), lasted 27.77 seconds and consumed 16,300 KB
of memory.

The last step of graph serialization, in which the graph structure was serialized into a
JSON representation for further downstream analysis, was comparatively light, finishing
in 1.51 seconds and using approximately 52,492 KB of memory, most probably because of
temporary in-memory object formatting. In total, the whole process of graph construction

was finished in 62.91 seconds, using a peak of 25,736.48 KB of memory.
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These numbers show that the static analysis module is computationally lightweight and
scalable and can analyze large-sized Java code bases in the order of a minute with moderate

memory and is manageable to be applied in large-scale software maintenance workflows.

4.2.5 Recommendation Systems

4.2.5.1 Concept lattice based Recommendation

This phase takes as input the initially changed file along with the concept lattice derived
from the source code. The primary objective of the recommendation system is to generate
a list of files that are likely to co-change with the initially changed file. Specifically, it
identifies files that share the most similar attributes with the initial changed file, thereby
facilitating more accurate co-change predictions.

While Formal Concept Analysis (FCA) traditionally relies on implications, as discussed in
Section 2.1, this approach requires provide a supporting reference, which may not always
be feasible. To address this limitation, an alternative method involves identifying the
supremum or infimum of the proposed change, selecting a concept that serves as either
an ancestor or a descendant. However, this method also assumes the existence of a single
node with attributes precisely matching those of the initial changed file, which is often not
guaranteed in practice.

To address the limitations of implications, supremum, and infimum while preserving their
conceptual foundation, we propose a recommendation system. This recommender system
calculates the amount of attribute similarity between the file initially changed and other
files using the concept lattice from its source code. The amount of similarity is calculated
by counting shared attributes that capture semantics as represented in the lattice. Then,
the files will be ordered by greatest to least similarity to the initially changed file. By
running the recommender this way, we ensure that the recommendations stay relevant to

the attribute profile with similar attributes as the initially changed file.
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Algorithm 4.1: Concept lattice based Recommendation Process
Input: bug_ids : list of bug report identifiers

concept_lattice : conceptual relationship data for all files

Output: top files : ranked list of co-change candidates for each bug ID

—

foreach bug id in bug ids do

2 initial file <— get the initially changed file for bug id
3 ground truth <— get actual co-changed files for bug id
4 normalize(initial file & ground truth)

5 foreach file in project files do

6 L shared count[file] <— number of attributes shared with initial file
7 rank <— sort shared count in descending order
8 top_files[bug_id] < top 10 files from recommendation

-]

return top_files

As illustrated in algorithm 4.1, the concept lattice based recommendation procedure begins
by loading the concept lattice, which is the attribute representation of the source code. For
each Bug ID in the Gold set, the algorithm will find the initially changed file and its co-
changed files in the Gold set, which is the ground truth. The filenames are then normalized
to be consistent with the file names used in the concept lattice.

After the inputs are normalized, the algorithm loops through all the files in the project
and computes a shared attribute count to measure the number of attributes that are shared
between the files and initial changed file. The algorithm will rank the files in descending
order by their shared attribute count score. It will take the top ten files with the highest
shared attribute counts to use as the recommendations of co-change files for the given
Bug ID. Finally, results are recorded per bug ID, and a complete summary of top-ranked

recommendations is compiled.

4.2.5.2 Dependency Graph based Recommendation

This phase utilizes the initially changed file and the dependency graph extracted from the
source code as inputs. The primary goal of the recommendation system is to identify and
generate a list of files that are likely to co-change with the changed file. Specifically, it
detects files that share a dependency or relationship with the initial change file, facilitating

more accurate co-change predictions.
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This Dependency graph based recommendation approach assesses the extent of method
interactions between the initially changed file and the dependency graph extracted from the
source code by calculating dependency scores based on the frequency and depth of method
calls. By ranking files based on the frequency of method calls, it generates a prioritized
list, emphasizing files with the strongest dependencies on the initially changed file. This
method ensures that the recommended files maintain the closest functional relationship to

the changed file.

Algorithm 4.2: Dependency Graph Based Recommendation Process
Input: bug ids : list of bug report identifiers

dep graph : method call relationships between files

Output: top files : ranked list of co-change candidates for each bug ID

—

foreach bug id in bug ids do

2 initial file <— get initially changed file for bug_id

3 ground truth < get actual co-changed files for bug_id

4 normalize(initial file & ground_truth)

5 foreach file in project files do

6 L dep_score[file] +— number of direct & indirect method calls with
initial file

7 rank <— sort dep_score in descending order

8 top_files[bug_id] < top 10 files from rank

return fop_files

o

The high-level workflow for Dependency graph based recommendation is summarized in
algorithm 4.2. This process begins by loading the dependency graph that encodes caller-
callee relationships among source files. For each bug instance, the initially changed file is
compared against all other files in the project to calculate dependency scores based on the
frequency and depth of method call interactions. Both direct and indirect method calls are
considered. The files are ranked accordingly, and the top 10 candidates are selected as co-
change recommendations. Finally, results are recorded for each bug ID, and a complete

summary is saved.
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4.2.5.3 Combined top ten ranking

This ranking technique combines the top 10 results from both concept lattice based ranking
and dependency graph based ranking to generate a unified list. The merging process is
score-driven, ensuring that files ranked highly in one method but lower in the other are
appropriately repositioned. For instance, if a file is ranked first in the concept lattice based
method but seventh in the dependency graph based method, its final rank is adjusted based
on a combined score. Files appearing in only one of the lists are evaluated based on their

respective scores, with the highest-ranking ones included in the final top 10.

Algorithm 4.3: Combined Top-10 Based Recommendation Process
Input: concept results, dependency results : per-bug id recommendations

bug ids : list of bug report identifiers
w1, w2 : weights for concept and dependency scores, where wl + w2 = 1

Output: combined recommendations : top 10 co-change candidates per bug ID

—

Initialize Co-Change Recommender system

2 Load concept lattice and dependency graph results from JSON files

(%)

foreach bug id in bug ids do

4 concept_recs <— get concept lattice-based recommendations for bug_id

5 dependency recs <— get dependency graph-based recommendations for
bug id

6 initial_file <— get initially changed file for bug id

7 foreach file in union(concept_recs, dependency recs) do

8 norm_concept_score <— (concept _score / max_concept_score) x 100%

9 norm_dep_score < (dependency score / max dep score) x 100%

10 combined_score[file] <— (wl x norm_concept score) + (W2 X

norm_dep score)

1 mark source[file] <— concept, dependency, or both

12 ranked < sort files by combined score descending
13 top_10 < select first 10 files from ranked
14 save combined recommendations and metadata for bug_id

15 print results with ground truth match indicators

16 return combined recommendations
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Algorithm 4.3 illustrates the high-level process of the combined recommendation method.
This method uses conceptual similarity based on shared attributes as well as procedure-
based relationships based on method call dependencies for a hybrid recommendation.

The process traverses each bug ID after system initialization and loading the output of
both concepts lattice and dependency graph. For each recommended file, it computes two

normalized scores:

Concept Score
Max Concept Score

Normalized Concept Score = ( ) x 100%

Dependency Score

Normalized Dependency Score = ( ) x 100%

Max Dependency Score
To generate a combined ranking, the technique calculates an aggregate score from a

weighted sum of the two normalized values:

Combined Score = (w; xNormalized Concept Score)+ (wy x Normalized Dependency Score)

Where:
wy = 0.7 1is the weight for concept score,

we = 0.3 is the weight for dependency score,

wy +wy =1

The value weights used for the hybrid score were empirically obtained. Various combina-
tions were attempted to verify their effect on overall rate of success, and the combination
w1 =0.7 for concept score and w2 =0.3 for dependency score produced optimal perfor-
mance over the entire dataset. This setting was always producing maximum overall rate
of success in co-changing file detection to justify its adoption.

A ranking is then carried out of all candidate files based on the sum of their scores. The
top 10 are selected as final recommendations. Results are then saved and cross-referenced
with the ground truth files to validate correctness. This hybrid method ensures semantic

cohesion combined with structural relevance in the output of the recommendation.

4.3 Siamese Network

Due to the increasing use of machine learning in contemporary software engineering tools,
comparing the proposed co-change recommendation approach with a machine learning-
based method helps to reveal its relative efficiency and applicability. To this end, a
Siamese network was selected as the model machine learning method. It was selected

for three essential reasons:

36



1. Pairwise similarity learning fit quite well with the task of co-change identification.

2. it enables supervised learning from unlabeled data without requiring large sets of

labeled data, instead uses synthetically generated positive and negative pairs;

3. and it can work without contextual embeddings, making possible comparable com-

parison with plain code-based structural representations.

This comparison not only exhibits the efficacy of the proposed method but also situates

its performance in the context of machine learning-based solutions.

4.3.1 Siamese Network without Contextual information

4.3.1.1 preprocessing

The initial phase involved preprocessing raw Java source code files into syntactic embed-
dings. The single source files were analyzed into an Abstract Syntax Tree (AST), a tree
structure for source code grammatical structure. Path-contexts—triplets consisting of a
start token, syntactic path, and end token—were derived based on grammar paths from
ASTs. This approach is based on the Code2Vec representation, which encodes source
code semantics through AST traversal [49].

For representing path-context elements in a fixed-size vector, a Word2Vec model was
learned from the training data[50]. Each file was then represented by computing the vector
representation of its path-contexts and aggregating them, with a single dense file per file.
These embeddings were stored in a normalized file name to vector dictionary. Importantly,
no bug-report or co-change information was used for this step; embeddings were derived

purely from the syntactic structure of each file.

4.3.1.2 Model training

In the second phase, a Siamese neural network was trained on the syntactic embed-
dings[32]. The network architecture consisted of two identical parameter-sharing sub-
networks, each with two fully connected layers. The two sub-networks took a pair of file

embeddings as input and projected them onto a lower-dimensional feature space.
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The network was trained on a set of pairs of files. They were labeled as similar (pos-
itive) or dissimilar (negative) irrespective of accessing historical co-change information
or gold sets. Positive pairs were sampled by selecting two distinct files from the dataset
randomly, whereas negative pairs were formed by pairing a file with another randomly
selected file that was not assumed to be similar. Although the labels were synthetic, this
method enabled the network to generalize an embedding space that captures structural
similarity between files.

The Siamese model was optimized using contrastive loss function reducing distance be-
tween embeddings of similar file pairs and penalizing dissimilar file pairs more than a
given margin for similar embeddings [33]. Ten epochs were trained using the Adam opti-
mizer [51]. The trained Siamese model was then stored for use in future recommendation

tasks.

Training and Validation Loss over Epochs (Siamese without Context)
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Figure 4.4: Training Loss over Epochs (Siamese without Contextual Info)

The graph shown in Figure 4.4 represents the learning pattern of the Siamese network
when it is trained without contextual information. The x-axis presents the number of
training epochs (from epoch 1 to epoch 10), and the y-axis displays corresponding values
of contrastive loss. The two separate lines represent training loss and validation loss across
epochs, offering a clear view of the learning pattern of the model.

As can be seen, training loss reduces steadily over time, indicating effective learning as
well as efficient optimization of file similarity representations. However, while validation
loss follows a related declining pattern in the beginning, from around the fifth epoch on-
wards it gradually deviates from training loss. This slow growth of validation loss towards
the later epochs suggests initial overfitting—where the model continues to learn how to

do better than the training data but begins generalizing badly on unseen validation pairs.
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Unlike the model that learned from contextual embeddings, this one has a slightly less
stable validation curve, presumably because of the semantic sparsity of the input features.
Nevertheless, both losses are still very close, and the overall profile shows that the training
process is converging heavily.

In short, although the model performs quite nicely, the observed validation trend con-
firms that contextual clues need to be added to boost generalization and avoid potential

overfitting when learning over an extended time span.

4.3.2 Siamese Network with Contextual information

4.3.2.1 preprocessing

At this preprocess, the source code was transformed into numerical representations with
contextualized information using GraphCodeBERT, a pre-trained transformer model de-
veloped with special focus on programming languages. GraphCodeBERT captures both
syntactic form and data flow dependencies of code to further enhance its semantic repre-
sentation abilities across programs [52].

All Java files in the dataset were processed through GraphCodeBERT to generate high-
dimensional pooled embeddings containing the overall semantics of the source code. Each
pooled embeddings was saved independently for each file. For contextual co-change rela-
tions, the gold set, divided by bug IDs, with each set containing files co-changed together,
was utilized. The first file in each bug ID was designated as the ”anchor,” and the remain-
ing ones were designated as “’positive” co-changed examples.

For Siamese network training, positive and negative file pairs were generated. Positive
pairs were generated by pairing each anchor file with its respective co-changed files in
the gold set. Negative pairs were generated from random sampling of files that are not
related and are not in the same co-change group. These positive (+1) and negative (+0)
labeled pairs were then employed as training data for the Siamese network, which was
contrastive-loss-trained to drive positive pairs away from and negative pairs towards each

other [33].

4.3.2.2 Model training

This constructed dataset was then used to train a Siamese network model to acquire file
similarity in the context of co-changes. The network employed two equal parameter-
sharing subnetworks each comprising two fully connected layers. The network consumes
a pair of file embeddings and projects them to a lower space where semantically similar

files mapped closer and different files mapped farther.
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Contrastive loss was used to define the training goal, which was expressed as follows:

L(z1,29,y) =y - D* + (1 —y) - max(0,m — D)?

Where D is the Euclidean distance between the two projected embeddings, y € {0, 1} is
the similarity label, and m is a selected margin. This loss will punish the model for putting
similar files too far away from each other and dissimilar files too close to one another.

Training was conducted for 10 epochs with the Adam optimizer [51], where learning rate
was 0.001. In each epoch, the model learned to tune its parameters in a way to minimize
contrastive loss for all input pairs. The trained model was stored and then used in the
recommendation step, where it needed to select the top-10 most similar files based on an

initial changed file.
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Figure 4.5: Training Loss over Epochs (Siamese with Contextual Info)

Figure 4.5 illustrates the training and validation loss curves of the Siamese network trained
with contextual information and where semantic code embeddings were fetched through
GraphCodeBERT. The x-axis is for training epochs and the y-axis for contrastive loss.
Training loss drops sharply in the initial epochs—particularly between epoch 1 and epoch
2—and then goes on to maintain a steady decline throughout all 20 epochs, a strong sign of
successful learning and convergence. Validation loss, however, fluctuates and levels off,
which indicates that model generalization is not always improved by increased training.
Small rises in validation loss (e.g., between epochs 6 and 7, and between epochs 17—18)
indicate minor overfitting. This is also evident by the increasing gap between training and
validation loss for later epochs.

Overall, the trend indicates that the application of contextual embeddings assists the model
in obtaining faster and more stable training convergence, though generalization remains

somewhat variable.
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In order to understand better the computational resources used by the Siamese network’s
training pipeline, we timed the computer time and memory used during its most resource-
intensive phases. The loading of the embeddings phase, which included parsing and im-
porting precomputed file-level representations into memory, lasted 69.62 seconds and
used around 187,788 KB of memory. Then the dataset construction step that produced
the positive and negative training pairs from the golden set took 0.22 seconds with a slight
boost in the memory usage to 188,188 KB, giving a sense of the lightness of this step.
Model training, in which the Siamese network was contrastive loss trained for several
epochs and validated on a held-out validation set for each epoch, was the second most
memory-intensive task and took 30.06 seconds with peak memory of 257,684 KB because
of batch handling, gradient calculation, and midpoint checks.

Lastly, the model serialization process, which is tasked with writing the trained model to
disk, was only 0.11 seconds with the utilization of 257,780 KB, representing the memory
retention achieved in training.

The entire pipeline for training took 100.02 seconds with the highest peak memory uti-
lization of 257,780 KB. Although the maximum time was taken at the embedding loading
step (69.62 seconds), model serialization step invoked highest memory usage because
of in-memory representation of learnt weights and file I/O buffering. The results affirm
computational viability of incorporation of the solution, thereby ensuring its utility for

deployment in large-scale software analytics and recommendation systems.

4.3.3 Recommendation phase

4.3.3.1 Siamese Network-Based Recommendation

Once the Siamese network is trained to recognize similar and dissimilar pairs of files, it is
used to recommend co-changed files for a given input. Its recommendation process begins
by embedding all source files by using the learned model to obtain consistent, fixed-length
vector representations. For each gold set bug report, first file from the gold set is taken as
the initial changed file, and the objective is to recommend the top 10 likely co-changed
files with it. The steps involved in this procedure are highlighted in algorithm 4.4.

The essence of this procedure is to compute pairwise distances (Euclidean distance) from
the first file’s embedding to other embeddings. They measure how semantically close
other files are to the first file in the learned embedding space. The nearest ones are the
recommendations.

Each prediction is evaluated against suggested files and ground truth from the gold set.
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Algorithm 4.4: Siamese Network-Based Recommendation Process
Input: siamese model : trained Siamese network

file_embeddings : embeddings of all files
gold_set : bug-wise grouped co-changed files
Output: top 10 candidates : top 10 co-change candidates per bug ID
1 Load and normalize all file embeddings
2 foreach bug id in gold set do
3 anchor < first file of bug_id
4 ground_truth <— remaining co-changed files
5 anchor _embedding <— generate embedding using siamese model

6 foreach file in file embeddings do

7 distance[file] <— compute distance between anchor embedding and
file_embedding
8 ranked < sort files by ascending distance

9 top 10 candidates[bug_id] < top 10 files from ranked
10 evaluate the output against ground_truth

1 record and save results for each bug_id

12 return top 10 candidates

4.3.3.2 ANN Recommendation using FAISS

In the final stage of the pipeline model, a recommendation system was created on the
basis of Approximate Nearest Neighbor (ANN) search using the FAISS library. It suc-
cessfully recommends semantically similar source code files by comparing their vector
representations achieved during the training process of the Siamese network.

Initially, all the .pt embedding files (each of which represents a Java source file) were
passed through the trained Siamese network to generate a transformed embedding using
the forward once method. These resulting vectors were stored in an in-memory matrix
and also mapped to their corresponding normalized file names for later use.

The resulting embedding matrix was indexed by IndexFlatL2, a brute-force L2 distance
search engine of FAISS, to support efficient top-k similarity queries. Once the index was
constructed, each bug’s initial” file (the first file in the gold set) was used as a query
to retrieve the top 10 nearest neighbors (excluding itself). The neighbors were compared
against the ground truth files in the gold set to evaluate the recommendation accuracy.The

process is highlighted in algorithm 4.5.
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This approach leverages FAISS to dramatically speed up similarity retrieval in high-
dimensional vector spaces at minimal cost in terms of accuracy, which makes it extremely

well-suited for code search and recommendation at scale.
Algorithm 4.5: Approximate Nearest Neighbors using FAISS-Based Recom-

mendation Process
Input: siamese model : trained Siamese network

file_embeddings : raw embeddings of all files

gold set : bug-wise grouped co-changed files
Output: top 10 candidates : top 10 co-change candidates per bug ID
foreach file in file_ embeddings do

p—

2 normalize filename
3 transformed embedding <— siamese model.forward once(embedding)
4 store transformed embedding in matrix and record mapping

5 Build FAISS index from all transformed embeddings

¢ foreach bug id in gold set do

7 normalize file paths

8 query_file < first file of bug_id

9 query_embedding «— transformed embedding of query file

10 top_neighbors <— use FAISS to retrieve top 10 nearest files to
query_embedding

1 compare top_neighbors with ground truth

12 record and save results for each bug_id

13 return fop 10 candidates

4.4 Evaluation Method

To determine how well such a method assists developers in fully debugging buggy code,
its effectiveness must be evaluated using reliable ground truth data, specifically the Gold
set. The first line of the Gold set is the initially changed file, and subsequent lines are
the ground truth (expected co-changed) files. This setup makes it possible to compare
the recommended files point-wise with the actual co-change instances. Comparing with
this ground truth data set, the approach has an empirical assessment of its precision and

effectiveness in finding co-change relationships.
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Chapter 5. Experiment

This chapter is divided into two main sections: the first outlines the experimental setup
and the evaluation metric; the second presents the results and discussion, analyzing the

effectiveness of each approach in identifying actual co-changing files.

5.1 Experimentation Setup

In this experiment, the first line of the Gold set is the initially changed file and it’s treated
as the developer’s fixed bug code, as identified by the bug localization process, the re-
maining line of the Gold set is used as ground truth and used to evaluation the outputs.
The initial changed file is excluded from both the set of actual co-changed files and the

top-10 recommended files.

5.1.1 Evaluation Metrics

The evaluation process computes the accuracy with which the co-change recommendation
system can retrieve related files for a target bug ID instance from the output generated in
the output directory. For each JSON file, the system reads the recommended data and re-
trieves the ground truth files for a specific bug ID. The overall goal is to verify whether the
top-10 recommendations contain at least one actual co-changed file. As the system pro-
cesses every recommendation outcome, it accumulates the count of ground truth files that
belong to the Gold set group and the count of them that were correctly accessed. The met-
rics are then aggregated according to the number of ground truth files per Gold Set—i.e.,
instances with one, two, or three-plus actual co-changes—to enable the examination of
performance at different levels of co-change complexity.

As detailed in algorithm 5.6, the system loops over all JSON outputs, carries out file-level
comparisons, maintains accurate recommendation by co-change group size, and produces
a nicely formatted report.

To compare the performance across various levels of co-change complexity, a distribution-
based success rate per group of Gold sets ordered by the number of ground truth co-
changed files (not including the originally changed file) is calculated. For each group
with n ground truth files, the system determines how many such files were ranked within
top-10 recommendations. This analysis computes how many times 0, 1, ., through n cor-

rect files were recalled.
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This is measured using the following formula:

No. of Gold sets with exactly & correct recommendations out of n

S Ratey, ,,(%) = -
uccess Ratey, (%) Total number of Gold sets with n ground truth files

Here, n is the number of actual co-changed files (excluding the initial changed file), and
k is the number of them that were correctly predicted in the top-10 recommendation list.
This metric allows the system to assess how reliably it retrieves not just some, but how

many relevant files for Gold sets of varying sizes.

Apart from this distribution-based breakdown, the analysis also calculates the Overall
Success Rate (OSR), as the proportion of cases in the whole dataset where there was at
least one actual co-changed file correctly retrieved in top 10 recommendations. This is

calculated as:

No. of files with atleast one correct recommendation in Top-10

OSR (%) =
(%) Total number of output files in the gold set

x 100%

This formula embodies the proportion of test cases where at least one ground truth file was
successfully recommended, serving as a general indicator of the method’s success and ap-
plicability. After testing all of the predictions, the result—i.e., distribution-based success
rate and overall success rate—is compiled and placed in a structured Word document for

inspection and reporting.
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Algorithm 5.6: Analysis Report Generator Process
Input: input_dir : directory containing JSON recommendation output files

Output: analysis_report.docx : Word document summarizing co-change
recommendation accuracy
1 Define the input directory containing JSON output files
2 Initialize counters: gt_counts, correct_predictions

3 foreach file in input dir do

4 json_data < load JSON file

5 gt files <— extract ground truth files from json data

6 rec_files <— extract recommended files from json data

7 count_match <— number of rec_files found in gt files

8 update gt _counts and correct_predictions using ground truth file count

9 Create new Word document
10 Add title and introductory paragraph
11 Create table with:
12 - Headers for ground truth counts and totals
13 - Cells with percentage of correct predictions per ground truth count

14 Add summary statistics:

15 - Total files analyzed

16 - Distribution by ground truth count
17 - Success rates per ground truth count
18 - Overall success rate

19 Save the Word document to input_dir

5.2 Result and Discussion

5.2.1 Result

This subsection presents the evaluation outcomes of the proposed co-change recommen-
dation methods. Each approach is assessed based on its effectiveness in retrieving actual

co-changed files from the gold set.

46



Concept lattice Analysis report- concept lattice-based Approach

No. of Actual co-changed files excluding initial changed files
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Figure 5.1: Concept lattice analysis report- concept lattice-based recommendation

Figure 5.1 presents the results of the concept lattice-based recommendation approach,
where the columns represent the number of actual co-changed files (excluding the ini-
tially changed file) in each instance, ranging from 1 to 20. The rows indicate the number
of these actual co-changes that were successfully identified within the top 10 recommen-
dations. Each cell in the table shows the percentage of cases where a given number of
actual co-changes were detected among the top 10 ranked recommendations, allowing
for an evaluation of how effectively the approach captures co-change relationships. The
total number of instances corresponding to each column is provided in parentheses for
reference.

The experiments show that the concept lattice-based recommendation algorithm was able
to recommend at least one real co-change within the top 10 recommendations in 174 of
207 instances, which yields an overall success ratio of 84.05%. This finding illustrates the
applicability of the concept lattice for modeling semantically similar co-changes among
software products. The number of observed co-changes demonstrates that larger numbers
of true co-changes are correlated with an increasing chance of having at least one within
the top 10. However, variability exists across different instances, which indicates that
although the model is very good in the general case, sensitivity to particular structural or
semantic contexts can cap performance on boundary cases. This is both a confirmation of
the robustness of the methodology and an opportunity for hybrid or adaptive optimizations

to enhance consistency.
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Dependency Graph Analysis report- Dependency graph-based Approach
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Figure 5.2: Dependency graph analysis report-dependency graph-based recommendation

Figure 5.2 shows the results of the dependency graph-based approach indicate a notably
lower success rate in identifying co-change relationships compared to the concept lattice-
based method. Specifically, the analysis reveals that at least one actual co-change was
identified in the top 10 recommendations for 82 out of 207 cases, resulting in an overall
success rate of 39.6%. This suggests that while the dependency graph-based approach

captures some co-change relationships, its predictive effectiveness is significantly weaker.

Furthermore, the distribution of recovered co-changes shows that even when the num-
ber of actual co-changes increases, the likelihood of recovering at least one within the
top 10 is not stable. In certain cases, even when there were a number of co-changes,
the method failed to retrieve them effectively. The findings refer to potential limitations
in the method’s reliance on method call dependencies, which do not always encode co-
change patterns accurately. Analytically, this underperformance is reflective of the struc-
tural rigidity of dependency graphs that may not capture semantically related but syntac-
tically independent pieces of code. To this end, the results point to the importance of
refinement—e.g., via hybrid methods—for improving predictive power and flexibility in

the face of diverse software change scenarios.
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Combined Analysis report- Combined-based Approach
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Figure 5.3: Analysis report of combined-based recommendation

Figure 5.3 illustrates that the combined approach demonstrates a notable improvement
over each of the individual methods when applied separately. Specifically, at least one
actual co-change was identified in the top 10 recommendations for 187 out of 207 cases,
yielding an overall success rate of 90.33%. This increase indicates that integrating both
methods effectively enhances the predictive capability, capturing a broader range of co-
change patterns.

The findings suggest that the combined approach addresses the limitations of the individ-
ual approaches, blending the strengths of both. The higher rate of success implies that
concept lattice-based and dependency graph-based dependencies complement each other
to build a more complete model of co-change prediction. Analytically, such collabora-
tion demonstrates that structural and semantic indicators—when integrated—can provide
a richer background on which to model co-evolutionary behavior. Furthermore, greater
consistency in co-change detection across varying amounts of real changes again solidi-
fies the robustness of this hybrid method. The practical implications of these results are
highly real in actual use in real-world scenarios since they show the ability of the method
to increase developer support in software maintenance and bug fixing by targeting the

best-fitting file recommendations with greater accuracy.
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Siamese Analysis report- Siamese Network-based Approach (without context)
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Figure 5.4: Analysis report of Siamese network-based recommendation approach without

context

Figure 5.4 presents the performance values of the Siamese network-based recommenda-
tion approach without context. Like in the previous evaluation tables, each cell represents
the percentage of instances in which a given number of actual co-changed files were cor-
rectly identified within the top 10 recommendations. The numbers in the parentheses at
the column headers represent the number of test cases with the corresponding number of
co-changed files.

Results are a very low success ratio relative to the other approaches. Out of 207 test cases,
the Siamese model with no contextual input succeeded to detect at least one correct co-
change among the top 10 suggestions in 51 cases with an overall success rate of 24.63%.
The majority of the predictions are classified in the zero-match class, reflecting the limi-
tation of the approach when contextual file correlations are not available.

While these results confirm the model’s ability to capture certain patterns of similarity,
they also indicate an inherent weakness—i.e., absence of contextual grounding. Without
including inter-file relationships, the model cannot meaningfully capture the fine-grained
dependencies that govern real co-changes. This result highlights the importance of contex-
tual information in learning meaningful co-change behavior and suggests that stand-alone
embeddings may be insufficient for reliable recommendation. In practice, these limita-
tions reduce the effectiveness of such a method for development maintenance tasks to

obtain correct and actionable co-change suggestions.
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Siamese Analysis report- Siamese Network-based Approach (with context)
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Figure 5.5: Analysis report of Siamese network-based recommendation approach with

context

Fig. 5.5 shows the results related to the effectiveness of the recommendation method
adopted through a Siamese network after incorporating contextual information. This
model variant leverages contextualized code representations from GraphCodeBERT,
which capture both structural and semantic aspects of source code.

The arrival of contextual embeddings has witnessed significant improvement over the
models that didn’t benefit from contextual knowledge. Specifically, the contextual
Siamese model effectively located at least one co-changed file from the top 10 recom-
mendations in 135 out of 207 test cases, yielding a general success rate of 65.21%. This
improved performance shows the ability of the model to recognize more sophisticated
code semantics and interdependencies, particularly for several co-changed files.

Other than the descriptive accuracy rate, these results are significant of the necessity for
the integration of context-aware representations in models for software maintenance. The
performance gain is suggestive that semantic and structural cues picked up by Graph-
CodeBERT are dense cues for modeling co-change behavior that otherwise would be un-
derpicked under context-agnostic settings. Furthermore, boosted generalizability across
varying test cases is suggestive of a more scalable and robust method. In general, these
findings emphasize the benefit of using transformer-based contextual embeddings in the
task of recommending co-change and enhancing accuracy in detecting and ordering rele-

vant files.
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Siamese Analysis report- ANN-based Approach (20 epoch)
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Figure 5.6: Analysis report of ANN-based recommendation approach with context

Figure 5.6 depicts the Siamese network performance utilizing contextual embeddings and
Approximate Nearest Neighbor (ANN) search. The model achieved a high success rate
of 71.01%, indicating at least one co-changed file among the top 10 suggestions in 147
out of the 207 cases of bugs. This represents a significant boost over low-epoch and
non-contextual variants, demonstrating once more the power of longer training and more
semantically aware input. The enhancement shows that the model, trained further with
more rounds, acquires more discriminative representations which, together with effective

ANN-based ranking, result in better accuracy and consistency in co-change prediction.

While quantitatively strong, the broader significance of the results lies in demonstrat-
ing how deeper contextual knowledge combined with scalable search is beneficial for
learning-based recommendation systems. Combining transformer-based embeddings with
optimized retrieval presents a promising avenue for enhancing software evolution support
tools. These findings indicate that greater model capacity, contextual understanding, and
retrievable approaches can work together to provide higher-quality large software system
suggestions—most particularly in complex, realistic bug-fixing scenarios where accuracy

is critically important.
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5.2.2 Discussion

The outcomes of the three main methods—concept lattice-based, dependency graph-
based, and combined approach—report different levels of achievement in the detection of
co-change relations. The concept lattice-based technique achieved a high success rate of
84.05%, which is a testament to its effectiveness at detecting implicit relationships among
co-changing files. In contrast, the dependency graph-based model achieved a consider-
ably lower success rate of 39.6%, which indicates that the use of method call links alone is
insufficient for modeling co-change behavior with high accuracy. This weakness might,
however, be overcome by incorporating a wider variety of structural dependencies like
class hierarchies, import relations, or data flows. The hybrid method that combines both
dependency graph and concept lattice data achieved the highest success rate of 90.33%,

confirming again that multi-source static data provides greater predictive power.

In comparison to these approaches, the Siamese network-based models varied with the use
of contextual information and without contextual information. The most straightforward
Siamese model trained in the absence of contextual information score a success rate of
only 24.63%, which was worse than all the static baselines by a large margin. This shows
the limitation of using only the vectorized AST path contexts in co-change relationship

detection.

But the inclusion of contextual information via GraphCodeBERT significantly boosted the
model’s performance. The Siamese model trained using contextual information achieved
an improved success rate of 65.21%, which testifies to the effectiveness of semantic and

structural representations of code in learning patterns of co-change.

Second, when Approximate Nearest Neighbor (ANN) search was applied to the Siamese
model trained using contextual embeddings resulted in a better performance of 71.01%.
The result is close to the concept lattice-based baseline, and much better than the depen-

dency graph-based method.
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Despite their valuable empirical findings, this co-change recommendation techniques like
those proposed by Revelle et al. and Mathur et al. [26, 27] have been described as compu-
tationally costly and weakly validated, especially in dynamic or unforeseen settings. The
static analysis techniques of this study (concept lattice and dependency graph) address the
validation gap head-on by demonstrating generalization over a 207-case test. Moreover,
computational profiling also testifies to their feasibility—running in less than one minute
with minimal memory overhead—thereby overcoming cost concerns. On the learning
side, the underperformance of the simple Siamese network (24.63%) points to a fundamen-
tal shortcoming: when vectorized AST path-contexts lack semantic richness and cannot
capture cross-file dependencies. Such a limitation is all the more relevant because software
evolution is often based on indirect or semantic code relationships. The counterintuitive
outcome is addressed by the syntactic and shallow character of AST path-contexts, lim-
iting the capacity of the model to recognize underlying patterns of change. The addition
of contextual embeddings in GraphCodeBERT addresses this limitation through aligning

learned representations with actual co-change behaviors.

However, one can note that while contextual Siamese models performed better than their
non-contextual counterpart (71.01% vs 24.63%), they were still behind both the con-
cept lattice-based (84.05%) and combined (90.33%) approaches. The performance gap
is mainly because of limitations in the gold set used for training the Siamese model. In
this setup, the model is being trained to map the first (anchor) file to its corresponding
co-changed files, but the size and scale of this dataset were too low to expose the network
to a wide enough range of co-change patterns. Since co-change behavior varies extremely
across projects and involves subtle or domain-specific dependencies, a small training set
restricts the model’s ability to generalize to new, unseen examples. This limitation high-
lights the importance of expanding and diversifying the training data rather than relying

on model depth or encoder complexity exclusively.

Briefly, while both the concept lattice-based (84.05%) and integrated solution (90.33%)
achieved the highest static accuracy, the Siamese network with contextual embeddings
saw a highly promising 71.01% rate of success. While slightly less, this learning-based
solution provides a scalable, generalizable one that adapts to unseen data and gets better
with repeated retraining. These findings suggest that hybrid solutions—combining static
structure with learned semantics—are best geared to advance the state of co-change rec-

ommendation in modern software engineering.
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The following responses are derived from the experimental results obtained across all eval-
uated methods. Each question is answered based on empirical evidence and comparative

analysis of the evaluated co-change recommendation approaches.

RQ1 Can Dependency graph and Concept lattice be used to identify co-changing entities

from the source code?

Yes,Concept lattice analysis assists developers in identifying additional co-
changing entities that may need to be modified to fully resolve a bug initially located
by bug localization techniques. With at least one real co-change found in the top 10
recommendations in 84.05% of situations, the concept lattice-based method shows
a high success rate. This suggests that meaningful relationships between software
entities based on shared attributes can be captured by concept lattice analysis. In
a similar vein, the dependency graph-based method, which makes use of method
calls, has a lower but still noteworthy success rate of 39.6%. This implies that al-
though dependency graphs are capable of detecting co-change links, they are not
as effective as concept lattice analysis, maybe as a result of implicit dependencies

being overlooked.

RQ2 Does combining concept lattice and dependency graph based outputs improve the

recommendation system?

Yes, the recommendation system is greatly enhanced by merging results based on
dependency graph and concept lattice. The combined technique outperforms both
independent methods, achieving an 90.33% success rate in detecting at least one true
co-change in the top 10 recommendations. This illustrates how combining concept-
based links with structural dependencies from method calls improves the precision
and resilience of co-change predictions, using the advantages of both approaches to

create a more potent recommendation system.

RQ3 Do the concept lattice-based, dependency graph-based, and combined approaches

outperform the Siamese network in co-change recommendation tasks?

Yes, all three conceptual approaches—concept lattice-based, dependency graph-
based, and combined—are better than the Siamese network trained not taking con-
textual information into consideration. Among these, the combined approach is best
with the greatest percentage of success rate, outperforming both machine learning
implementations. Moreover, even the concept lattice-based approach is better than
the Siamese model trained on contextual embeddings, demonstrating the strength
of structural and conceptual heuristics compared to learned representations in this

experiment.
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Chapter 6. Conclusion and Future

Work

6.1 Conclusion

In this work, a co-change recommendation system was proposed through concept lattice
construction and dependency graph analysis. The hybrid approach, by taking advantage
of conceptual relationship and structural dependencies, achieved very good performance
in co-change relationship detection. The combined method particularly achieved a no-
table success rate of 90.33%, outperforming the concept lattice-based (84.05%) and de-
pendency graph-based (39.6%) approaches when used individually. The results confirm
that the static analysis-based approaches—particularly the combined and concept lattice-
based ones—provided more precise suggestions than the context-aware Siamese network.
This confirms that, in this experimental scenario, conceptual approaches can be effective
for co-change recommendations.

In comparison, the Siamese network machine learning method required augmented con-
textual representations from pretrained models like GraphCodeBERT to approach similar
performance. While the context-aware Siamese network assisted by Approximate Nearest
Neighbor (ANN) search achieved a competitive success rate of 71.01%, it was still behind
the primary hybrid method. Moreover, the baseline Siamese network without contextual
data performed significantly worse (24.63%), reflecting its dependence on outside seman-
tic information. Overall, the results support that the primary proposed techniques—when
thoughtfully combined—are more powerful and robust than the machine learning alterna-
tives examined in this research when it comes to idetifying the co-change without rely on

contextual information.
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This work effectively meets its initial goals set out in 1.3. First, by building a concept
lattice and dependency graph purely from source code elements like classes, methods, and
attributes, the system showed that significant static structures can be produced without
requiring historical or context information. Second, these representations were applied
effectively to detect co-changing items in bug fix instances to verify the system’s ability
to suggest files that should change together. Third, the proposed methods universally
produced top-10 co-change file suggestions based on the initially changed file, and their
performance was measured quantitatively. Lastiy, comparison experiments indicated that
the proposed static methods outperformed different configurations of the Siamese network
model, particularly those without contextual embeddings.

For actual-world implementation, this system could be used in software development en-
vironments as a light-weight plugin that performs static analysis during code review or bug
triaging iterations. With little computational cost and no need to access history of changes,
the approach is highly suited for early-stage projects or poorly documented legacy code-

bases.

6.2 Future Work

Future work may explore enriching the concept lattice with static source code character-
istics as well as history metadata of past co-change. Adding this second layer of data may
further improve the conceptual relation granularity and raise the co-change prediction ac-
curacy. Similarly, the graph of dependencies can be strengthened by extending its scope
beyond method calls to also include other structural dependencies such as class hierarchy,
and import dependencies, so that it represents a larger aspect of software architecture.
And there is future work possible on scaling up the system to accommodate other pro-
gramming languages and dynamically varying weights in the hybrid approach based on

project-specific factors.
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