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This Ph.D. thesis addresses the analysis and improvement of methods for extracting, filtering, 

and integrating versioning system information in software engineering tasks. This thesis uses 

versioning information in the form of co-change patterns extracted from the versioning history of 

a software system, also called logical dependencies [1]. These dependencies can reveal 

relationships that are not visible in the system’s static structure and can complement other types 

of dependencies, such as structural [2] and lexical dependencies [3]. The contributions of this 

thesis include the introduction of a new filtering metric for logical dependencies called 

connection strength, the development of a dedicated tool for logical dependency extraction and 

filtering, and the integration of logical dependencies into two software engineering tasks: key 

class detection [4,5] and software clustering for architectural reconstruction [6,7]. 

The first chapter presents the need for tools to analyze legacy software and the importance of 

using various types of dependencies as inputs in these tools to extend the knowledge base they 

rely on to improve their output. The maintenance of legacy systems is time-consuming because 

the codebase is large and documentation is often incomplete or outdated. Changes made in the 

wrong place can produce unwanted effects across the system, so it is important to understand 

how components are connected before making update [8]. To understand these connections, 

software dependencies are used. This chapter introduces three complementary dependency 

views: structural dependencies (explicit links in the code, such as calls and inheritance), lexical 

dependencies (similarities in names and comments), and logical dependencies (co-change 

patterns from version history). 

The chapter also highlights the importance of filtering co-change patterns: raw co-change data 

can contain noise, such as bulk refactorings performed by developers, so filtering of logical 

dependencies is necessary to ensure their reliability when used alone or together with other 

dependency types in software engineering tasks [9,10]. 
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Chapter 2 is divided into three parts. The first part presents the background on different types of 

software dependencies. The second part introduces version control concepts, which are necessary 

to better understand logical dependencies extraction. It also reviews existing approaches 

proposed by different authors for filtering logical dependencies (co-changes), including commit-

size thresholds [9,10, 14], support/confidence metrics [11,12], and age-based thresholds [13]. 

The third part presents dependency-based applications relevant to the thesis. It covers two main 

applications, where this thesis focuses on the integration and validation of filtered logical 

dependencies from the versioning system: key-class detection, which identifies central classes in 

a system, and architecture recovery by clustering, which groups software entities into modules. 

Chapter 3 presents the filters explored and the tool developed to extract and filter logical 

dependencies. The software dependency extraction tool analyzes source code to extract structural 

dependencies and parses version-control history (e.g., Git history) to extract co-change pairs. The 

extracted co-change pairs are then processed using different types of filters, which can be applied 

individually or in combination. The tool extracts both logical and structural dependencies, as this 

thesis also investigates the overlap and relationships between these two types of dependencies [. 

The chapter then introduces different filtering methods for logical (co-change) dependencies. All 

filtering experiments are conducted on a set of 27 open-source projects with different sizes, 

complexities, and programming languages (Java and C#): 

• Commit size filter: excludes co-change pairs from large commits, which often result from 

merges, restructuring, or formatting rather than functional changes. Different studies have 

suggested various thresholds for filtering commit sizes: some authors recommend 

excluding commits with more than 8 to 10 files, while others allow larger thresholds 

(e.g., 30 or even 100 files)[9,10,14]. In this thesis, multiple thresholds are explored for 

commit size (cs ≤ 5; cs ≤ 10; cs ≤ 20; cs < ∞) to analyze how much of the original 

dependency base is lost with each threshold. 

• Support filter: requires a minimum number of co-change occurrences for a pair to pass 

the filter. The support metric counts the number of commits including both entities. 

Previous studies used thresholds from 1 to 8 [11,12]. In this thesis, thresholds from 1 to 4 

are explored to analyze their impact. Thresholds above 4 may reduce coincidental co-

changes but can remove too many pairs in smaller projects. 

• Comment-only change filter: excludes co-changing pairs from commits where only 

comments were changed, which are non-functional edits. Comment changes do not affect 

system behavior and are easily detected in diff files [9]. Two scenarios were evaluated: 

including comment-only changes and excluding them. 

• Connection strength filter: a new metric introduced in this thesis, based on the confidence 

metric proposed by Zimmermann [11], which measures how two entities co-change 

relative to the total number of changes of one entity. The connection strength addresses 

confidence’s limitation by scaling it with a system factor, giving higher weight to pairs 

that co-change more frequently relative to the system average. In this thesis, the filter is 

applied using 10 thresholds, starting at 10% and increasing in steps of 10% up to 100%. 
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Chapter experiments conclude that combining a 10-file commit-size threshold with a connection-

strength threshold provides more reliable logical dependencies. The experiments show that over 

90% of commits involve 10 or fewer files, so most commits remain available for extraction. 

Unlike commit size, the connection-strength threshold is not fixed in this chapter; instead, the 

following experiments on logical dependencies integration in software engineering tasks explore 

different threshold intervals to evaluate which values perform best across different systems. 

Chapter 4 presents how to merge the structural and logical dependencies extracted by the tool 

into a unified model. It also presents experiments and discussion about the overlap between the 

two dependency types, showing that even if some overlap exists, they also provide different 

information about the systems. The chapter then proposes weighting schemes for both types of 

dependencies. For structural dependencies, different weights are assigned because not all have 

the same impact on the system architecture and behavior. For logical dependencies, the weight of 

each entity pair is the number of commits in which both entities were updated together. The 

chapter then describes the creation of a combined dependency graph with both dependency 

types, which will be further used in the experiments. 

Chapter 5 evaluates the usage of logical dependencies for identifying key classes (the central 

classes managing core functionality). A previously developed tool [7] for key class detection that 

relied only on structural dependencies was modified to also use logical dependencies. The 

experiments were run on three open-source systems (Apache Ant, Tomcat Catalina, Hibernate) 

comparing three scenarios: using only structural dependencies, only logical dependencies 

(filtered with various connection-strength metric thresholds), or both combined. Results show 

that combining logical and structural dependencies improves detection compared to structural 

dependencies alone. The best performance was achieved when using structural dependencies 

combined with logical dependencies filtered with connection-strength thresholds between 40% 

and 70%. Using only logical dependencies still gave good results, with only slightly lower results 

than the combined approach and comparable to structural baselines. The conclusion is that 

filtered logical dependencies complement structural dependencies and help highlight important 

classes that might be missed when using structural dependencies alone. 

Chapter 6 evaluates the usage of logical dependencies in software clustering for architectural 

reconstruction. To assess their impact, three graph-clustering algorithms (Louvain, Leiden, 

DBSCAN) are used, and quality is measured by Modularization Quality (MQ) [15] and MoJoFM 

(Move and Join eFfectiveness Measure) metrics [16, 17]. The same three scenarios as in key 

class detection are tested: using only structural dependencies, only logical dependencies (filtered 

with various connection-strength thresholds), or both combined. Experiments were performed on 

four open-source Java projects: Apache Ant, Apache Tomcat, Hibernate ORM, and Gson. The 

results show that combining structural and logical dependencies achieves higher MQ and 

MoJoFM scores than using structural dependencies alone in almost all cases. At strength 

thresholds of 10% to 40%, the combination consistently outperforms using only structural 

dependencies. Using only logical dependencies can achieve the best MQ and MoJoFM results 

among the three scenarios, but only at very high strength thresholds that cover a small portion of 

the system. At lower strength thresholds (10-40%), logical dependencies provide a good balance 
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between system coverage and clustering quality, including enough dependencies to improve 

results without adding noise. Overall, the experiments show that filtered logical dependencies 

help architecture recovery both when combined with structural dependencies (full system 

coverage) and alone (partial system coverage).  

In Chapter 7, the contributions, conclusions, and future work are presented. The main 

contributions of this thesis are: 

• proposed methods for filtering logical dependencies extracted from version control 

systems to improve their reliability and usefulness, including the introduction of a new 

metric for filtering logical dependencies, called connection strength; [18], [19] 

• developed a tool for extracting and filtering logical dependencies; [18], [19], [20] 

• integrated logical dependencies into key class detection and analyzed the impact of 

different filtering strategies when using logical dependencies both independently and in 

combination with structural dependencies; [20] 

• integrated logical dependencies into software clustering; this analysis involved using 

three distinct clustering algorithms and two evaluation metrics; [21], [22] 

The experiments on detecting key classes and reconstructing software architecture through 

clustering show that logical dependencies improve the results of both tasks when combined with 

structural dependencies and produce good results on their own. However, when strict filtering 

thresholds are applied, logical dependencies may cover only a small subset of system entities, 

which can be an issue for engineering tasks that require a complete system overview, such as 

clustering. When a full system overview is not needed, higher strength thresholds can be applied 

to obtain only the strongest dependencies, as in key-class detection. Logical dependencies also 

have the advantage of being language-independent, so in cases where structural dependencies are 

difficult to extract, logical dependencies can still provide a meaningful overview of the system. 
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