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Abstract
Version control systems are essential in software development, allowing teams to 
collaborate simultaneously without interfering with each other’s work. Tools like 
Git facilitate code integration through merge operations, which automatically detect 
textual conflicts. However, these systems focus solely on source code differences, 
overlooking more complex semantic conflicts that can lead to failures or unexpected 
behavior after integration. To address this challenge, static analysis emerges as an ef-
fective solution, detecting semantic conflicts that traditional merge tools might miss, 
providing an additional layer of security and quality to the code integration process. 
In this study, we explore combinations of static analysis techniques to improve the 
detection of semantic conflicts. Our approach was evaluated on a dataset from 32 re-
al-world GitHub projects, all manually labeled to include ground truth information. 
These outcomes highlight the adaptability of our approach: in contexts where mini-
mizing false positives is essential, high-precision techniques can be prioritized; in 
contrast, recall-focused techniques are preferable for broader conflict coverage. The 
results show that combining static analysis strategies delivers superior performance 
in terms of precision, recall, F1 score, and accuracy compared to previous methods, 
and is a more lightweight and flexible approach to adapt to the application context.

Keywords  Software merging · Interference · Configuration management · 
Software evolution · Static analysis

1  Introduction

As software projects evolve and become increasingly complex and collaborative, 
effectively managing code integration issues becomes a crucial task. While textual 
conflicts are well-known and widely addressed by existing tools, they are not the only 
problems that may arise during the integration process.
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In collaborative environments where multiple developers work on different parts 
of a codebase, inconsistencies can emerge that go undetected by traditional line-
based merge tools. These issues, known as semantic conflicts, occur when changes 
that are syntactically correct nonetheless introduce unintended behaviors or incon-
sistencies. Semantic conflicts can be further classified into static and dynamic types, 
each requiring more sophisticated analysis techniques to be identified (Sarma et al. 
2011; Brun et al. 2013; Towqir et al. 2022; Zhang et al. 2022; Sung et al. 2020).

Textual merge tools, by design, operate on a line-by-line basis and cannot recog-
nize logically incompatible changes that are not contiguous in the source code. For 
instance, if one developer modifies a method’s signature and another, several lines 
apart, adds a call to the original version of that method, the merged code will compile 
with no warnings - even though it results in a broken build. This represents a static 
semantic conflict (Sarma et al. 2011; Brun et al. 2013; Towqir et al. 2022; Zhang et al. 
2022; Sung et al. 2020).

A more challenging category involves dynamic semantic conflicts, which are not 
detected by either textual or syntactic tools. These arise when one developer’s change 
modifies a state element.1 In such cases, although the code merges and builds suc-
cessfully, it may behave incorrectly at runtime (Horwitz et al. 1989; Yang et al. 1992; 
Shao et al. 2009; Brun et al. 2013; Pastore et al. 2017; Barros Filho 2017; Sousa et al. 
2018; Da Silva et  al. 2020; Zhang et  al. 2022). We adopt a common terminology 
based on the process phase in which a conflict is detected. In this one, merge con-
flict corresponds to textual conflict. Build conflict corresponds to syntactic and static 
semantic conflicts. Test and production conflicts (and undetected ones) correspond to 
dynamic semantic conflicts.

Dynamic semantic conflicts, hereafter simply semantic conflicts, can negatively 
impact development productivity and the quality of software products, especially in 
projects involving divergent forks (Sung et al. 2020; Zhang et al. 2022) but also in 
projects with a single remote repository. As project tests and code reviews often fail 
to detect such conflicts, researcher (Horwitz et al. 1989; Binkley et al. 1995; Bar-
ros Filho 2017; Sousa et al. 2018; Da Silva et al. 2020) have proposed static analyses 
to detect them. In fact, as developer’s desire (specification) is hard to capture and is 
often not available for automated tools, these techniques simply try to detect interfer-
ence (we present a motivating example in Section 2). The techniques based on theo-
rem proving (Sousa et al. 2018) and static analysis with System Dependence Graphs 
(SDGs)  (Binkley et  al. 1995; Barros  Filho 2017) are computationally expensive. 
Although an existing technique based on testing (Da Silva et al. 2020; Silva et al. 
2023; Da Silva et al. 2024) has been proven less expensive, it suffers from low recall.

As such, previous research explored an alternative approach for approximating 
interference when merging changes made by two developers (De Jesus et al. 2024; 
De Jesus et al. 2023): the use of lightweight static analysis simply on the merged 
version of the code—which is automatically annotated with line changing informa-

1 State elements are program entities that hold or represent program state during execution, as any program 
variable or data structure that can be read from or written to during program execution. We consider the 
following state elements in Java: instance fields, static fields, local variables, method parameters, and 
array elements.
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tion indicating instructions modified or added by each developer. Four variations 
of lightweight static analyses used in those studies (Interprocedural Direct Flow, 
Intraprocedural Direct Flow, Control Dependence and Program Dependence Graph) 
aim to identify data and control flows between instructions changed by both devel-
opers that contributed to a merge scenario. When one of the analsyis do find a data or 
control flow dependency, it reports an interference approximation. In those previous 
studies, the authors compared the performance of their lightweight static analysis 
to other approaches based on testing, formal verification, and a static analysis tech-
nique that requires the construction of a System Dependent Graph and considers the 
three versions of the system involved in a merge scenario. However, their empirical 
assessment considered only a single combination of these analyses by applying a 
logical OR to their results, reporting interference whenever at least one of the tech-
niques suggest a conflict. This approach led to a high number of detected interfer-
ences, but it also resulted in a low precision, as many of these reported interferences 
were false positives.

To gain a deeper understanding of how lightweight static analysis can detect 
semantic conflicts, here we explore multiple analyses and combinations of the 
approach proposed in De Jesus et al. (2024), de Jesus et al. (2023). This enables a 
comprehensive assessment of their individual and combined effectiveness. To this 
end, we report the results of an experiment evaluating the accuracy and computa-
tional efficiency of different analysis in detecting interference. Our motivation stems 
from the fact that while static analysis techniques are generally fast in identifying 
semantic conflicts  (De Jesus et al. 2024; De Jesus et al. 2023), combining certain 
methods may not always yield optimal performance. To determine the most effec-
tive configuration, we systematically explore all possible combinations of the nine 
analyses derived from five selected analyses, as discussed in Section 3. This approach 
allows us to identify the combination that achieve the best balance between accuracy 
and computational efficiency. Our study is guided by three key research questions: 
(1) How do different static analysis techniques lead to false positives when detecting 
semantic conflicts in a merge scenario? (2) Which combinations of static analysis 
techniques achieve the best performance for each metric in detecting semantic con-
flicts in a merge scenario? (3) How does the execution time of different static analysis 
techniques and their combinations impact the overall performance and scalability in 
detecting semantic conflicts in a merge scenario? We detail the setup of our empirical 
evaluation in Section 4.

The results of our analysis highlight the effectiveness of lightweight static analysis 
in detecting semantic conflicts, as detailed in Section 5. Our experiments validate 
the ability of these analyses to detect interference and their potential for identifying 
dynamic semantic conflicts. After showing how specific combinations of analyses 
optimize both accuracy and computational efficiency, we provide actionable insights 
for development teams (Section 6). Depending on the context, developers can pri-
oritize precision, recall, or a balanced trade-off to best meet their needs. Integrat-
ing these analyses into development workflows represents a significant step toward 
reducing production errors and enhancing the overall reliability and robustness of 
software systems.

1 3
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2  Motivating example

Here we present an motivating example to illustrate the importance of determining 
the ideal combinations of the set of lightweight static analysis algorithms (De Jesus 
et al. 2024; De Jesus et al. 2023) to identify semantic conflicts. Consider the merge 
commit code in the Fig. 1, which integrates changes made by two developers, say 
Left and Right, to a Base commit. In Line 6, highlighted in red, we see Left’s change. 
In Line 8, highlighted in blue, we see Right’s change. The rest of the code originates 
from the Base commit, which is the most recent common ancestor of the two inte-
grated versions. No textual conflict happens in this case, since the changes made by 
Left and Right were not in the same or consecutive lines.

The resulting code declares the Text class, which has text, words, 
spaces, comments, and fixes fields representing the strings associated with 
objects of this class. The Text class also declares the generateReport method, 
which generates a report based on some text analysis. It does this by calling three dif-

Fig. 1  An example of semantic conflict, modified from de Jesus et al. (2023)
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ferent methods, each responsible for a specific task related to text analysis. This task 
is accomplished by invoking other methods, such as countDupWhiteSpaces, 
countComments, and countDupWords.

To improve text cleaning, Left added a call to the countDupWhitespaces 
method, which counts duplicate whitespaces in the text. Duplicate whitespaces can 
occur when there is more than one space between words or sentences, which may 
indicate inconsistent or unnecessary formatting in the text. Removing or counting 
these spaces can be useful for improving the readability and formatting of the text. 
Contrasting, Right added a call to the countDupWords method, which is responsi-
ble for counting duplicate words in the text. Duplicate words can indicate redundancy 
or errors in writing. Identifying these duplications can help improve the clarity and 
conciseness of the text.

The desired outcome for each developer will not be achieved with the final gen-
erateReport() method implementation. According to Left’s intention, the 
method should aggregate only the count of duplicate spaces with the number of com-
ments, resulting in fixes reflecting these two concerns. Right’s intention is that the 
method should aggregate only the count of duplicate words with the number of com-
ments. However, when both branches are merged, the method calls both count-
DupWhiteSpaces and countDupWords, and since both methods modify the 
same state element, the variable fixes, by reading and incrementing it (as shown in 
the gray-highlighted lines at Line 18 and Line 30 in Fig. 1), the final value of fixes 
accumulates both the duplicate spaces count and the duplicate words count, plus 
comments.

For instance, when executing the Left version of the method with the text 
“Hello␣␣␣world!”, there is no implementation of the countDupWords 
method in this branch. Therefore, when calling countDupWhiteSpaces, only the 
duplicate spaces will be counted, in addition to checking for comments when calling 
the countComments method. There are two duplicate spaces between Hello and 
world, so the expected result in Left for the variable fixes would be two.

When executing in the Right’s branch with the same string, there is no implemen-
tation of the countDupWhiteSpaces method. Therefore, when calling count-
DupWords, only the number of duplicated words will be counted. Since there is no 
duplicate word, the expected result in Right for the variable fixes would be zero.

However, when executing the merged method from Fig. 1, there is no textual con-
flict, but the obtained result is two. While this numerically matches Left’s expected 
result, it does not satisfy Right’s specification. Right expects fixes to be zero (no 
duplicate words), but the merged version produces two because it also counts the 
duplicate spaces from Left’s method. This asymmetric interference demonstrates how 
semantic conflicts can selectively violate one developer’s intentions while appearing 
to preserve another’s, making them particularly difficult to detect.

Semantic conflicts of this nature are often complex and costly to identify and 
resolve  (Sousa et  al. 2018; Da  Silva et  al. 2020). Code review can hardly detect 
such conflicts, letting them escape to production environments. Project tests are also 
hardly enough for detecting conflicts; this is what motivates previous work (Da Silva 
et al. 2020) that uses test generation tools to precisely compensate for that. Moreover, 
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a broken test in a merge version does not imply semantic conflict. This directly affects 
the quality and outcome of the products, as the final result is not as expected. 2

Resolving these conflicts may require careful manual investigation, which can 
impact productivity. If not detected immediately after integration, addressing these 
conflicts can become even more challenging as it involves reconciling possibly subtle 
semantic and behavioral incompatibilities. In this example, it would be necessary to 
investigate whether the issue lies within the individual implementations of Left and 
Right, or in interference between them. This would require a thorough investigation 
that goes beyond the abstraction boundaries established by the methods that gen-
erateReport calls.

When analyzing the code in the motivating example using the lightweight static 
analysis algorithms designed by De Jesus et al. (2024), de Jesus et al. (2023), the 
Direct Flow analysis reported a potential semantic conflict because Left sets the vari-
able fixes, which is read by Right in the countDupWords method. Another con-
flict was reported by the Override Assignment analysis, since both methods modify 
the instance field fixes with the number of needed fixes they counted. The remain-
ing algorithms in de Jesus et al.’s lightweight analysis suite — namely Confluence 
and Program Dependence Graph — fail to detect this conflict. This underscores the 
importance of carefully selecting the combination and scope of analyses.

Consider the scenario where multiple analyses converge on the same case, leading 
to redundancy and inefficiency. This excess not only wastes computational resources 
but also complicates the identification of genuine conflicts. Additionally, there is a risk 
of running analyses that provide little to no valuable insights, hindering rather than 
improving the overall analysis process. An example of this is the work by De Jesus 
et al. (2024), de Jesus et al. (2023), which reported a high number of false positives 
when combining four analyses without considering the optimized individual applica-
tion of each one. Each of the lightweight static analysis algorithms possesses unique 
strengths and limitations. While some excel in identifying specific conflict types, 
others may struggle due to their distinct algorithms and scope. Therefore, it’s imper-
ative to employ a diverse range of analyses and meticulously craft combinations. 
The focus should not solely be on the quantity of analyses used, but also on their 
complementary nature and ability to address a wide array of potential conflicts. A 
thoughtful selection of analysis methods can significantly enhance conflict detection 
mechanisms, leading to smoother merge processes and heightened software quality.

3  Static analysis combination approach

To detect interference and help mitigate the negative consequences of semantic con-
flicts, we proposed a new approach (herafter Static Analysis Combination Approach) 
that combines lightweight static analyses that execute only in the merged version of 

2 It is important to note, however, that a failing test in a merged version does not necessarily indicate a 
semantic conflict. For instance, consider a scenario where variables l and r are initialized as 0 in base. Left 
changes the base code to initialize l with 1, while Right changes it to initialize r with 1, and also adds a test 
that asserts r==1 && l==0. This test passes in Right and fails in merge, but there is no semantic conflict as 
both developers changed unrelated variables.
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the code (De Jesus et al. 2024; De Jesus et al. 2023), which is automatically annotate 
with metadata that indicates the instructions that either the left or right developers 
modifed or added.

Static Analysis Combination Approach consists of a suite of static analyses that 
detect semantic conflicts through different combinations. While  De  Jesus et  al. 
(2024), de Jesus et al. (2023) evaluated four analyses (Program Dependence Graph, 
Direct Flow Inter, Confluence Inter, and Override Assignment Inter), we expand the 
evaluation to nine analyses by introducing intraprocedural variants, exception-aware 
versions, and Control Dependence analysis.

Table  1 presents the nine static analysis evaluated in this study, showing their 
scope (interprocedural or intraprocedural) and exception handling capabilities. Each 
analysis represents a specific configuration designed to detect semantic conflicts. 
Cells marked with an “✓” indicate the algorithm’s used this specific configuration. 
The symbol “✓” in the “New” column indicates analyses introduced in this study, 
expanding upon the four analyses previously evaluated in De Jesus et al. (2024), de 
Jesus et al. (2023).

The Direct Flow algorithms (DF Inter and DF Intra) extend traditional data flow 
analysis, commonly used in applications like taint analysis, with specialized adapta-
tions for interference detection. Our implementation adds explicit flow edges from 
variable uses to conditional predicates and return statements. These additions capture 
how modifications affect control flow decisions and method outputs — relationships 
that are crucial for detecting semantic interference in the context of software merging.

The Control Dependence (CD) and Program Dependence Graph (PDG) algo-
rithms implement well-known program analysis algorithms  (Ferrante et  al. 1987). 
We use them with some adaptations as a proxy for interference to identify seman-
tic conflicts. For each algorithm, we provide two implementations: one that consid-
ers only regular control flow (CD and PDG) and another that includes exception 
handling (CD-e and PDG-e). This exception-aware extension was not present in the 
original formulations by Ferrante et al. (1987). The exception-aware variants capture 
control dependencies that arise from uncaught exceptions. For instance, if a state-
ment list.get(index) can throw an uncaught exception, any statement follow-
ing this call has a control dependency on it—the statement will only execute if the 

Table 1  Configuration of the static analyses considering different levels (Inter for interprocedural and Intra 
for intraprocedural) and exception handling.
Analysis Scope Exception Handling New

Inter Intra With Without Analysis
DF Inter ✓
DF Intra ✓ ✓
CF Inter ✓
CF Intra ✓ ✓
OA Inter ✓
CD-e ✓ ✓ ✓
CD ✓ ✓ ✓
PDG-e ✓ ✓ ✓
PDG ✓ ✓

1 3
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list access completes normally. Without exception edges, this dependency is missed, 
potentially overlooking conflicts where one developer modifies the code that may 
throw exceptions while another modifies the subsequent code that depends on normal 
execution. CD and PDG are analyses known in the literature, and we apply them for 
interference detection, incorporating exception handling as an enhancement to better 
capture control flow scenarios.

The Override Assignment (OA Inter) and Confluence (CF Inter) algorithms were 
specifically designed for detecting interference patterns  (De  Jesus et  al. 2024; De 
Jesus et al. 2023). We include intraprocedural variants (CF Intra) to explore whether 
a more lightweight analysis can still effectively identify interference.

The nine analyses try to explore likely interference situations by keeping track of 
the changes developers make and how they affect state elements such as global vari-
ables, object fields, and variables that hold method return values or raised exceptions, 
etc. The Static Analysis Combination Approach considers field accesses like o.a and 
o.b to refer to different state elements, even if o holds the same reference; the vari-
able o also corresponds to a different state element than o.a.

For each of the nine analyses discussed here, the Static Analysis Combination 
Approach provides an implementation targeting the Java programming language, 
leveraging Soot as the underlying framework (Vallée-Rai et al. 2010). These analy-
ses are lightweight because they do not rely on complex system abstractions—such 
as System Dependence Graphs (SDGs)—and execute exclusively on the merged ver-
sion of the code. In contrast, previous static analysis-based techniques (Horwitz et al. 
1989, 1990; Barros Filho 2017) rely on computationally heavier analyses (SDGs) or 
require running analyses on multiple program versions (base, left, and right).

3.1  Direct flow (DF Intra and DF Inter) analysis details

Direct Flow (DF) analysis captures how values propagate across state elements, both 
within a single method (intraprocedural) and across multiple methods (interproce-
dural). It provides the foundation for reasoning about data dependencies, enabling 
precise identification of semantic interactions caused by changes in state element def-
initions and uses. We adopt the formalization of Sparse Value-Flow Analysis (SVFA) 
introduced by Sui and Xue (2016) and extend it in two key ways: first, we adapt it 
from C/C++ to Java, accommodating Java’s distinct constructs and semantics; sec-
ond, we incorporate control-related flows through conditionals, loops, and return 
statements — constructs not explicitly modeled in the original SVFA definition.

We extend the SVFA model to include def-use edges for expressions used in 
control structures and return statements. While these constructs do not create new 
definitions, they represent critical use sites that influence program behavior. For con-
ditional branches and loop conditions (such as if(v) or while(v)), we create def-
use edges from all reaching definitions of v to the use at that program point, capturing 
dependencies where changes to v’s definition may alter control flow. Similarly, for 
return statements that return a variable v, we create def-use edges from all reaching 
definitions of v to that return point, ensuring that modifications to returned values are 
properly tracked across method boundaries.

1 3
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For instance, DF analysis identifies potential semantic conflicts by marking state 
elements modified by either Left or Right and constructing a data-flow graph. A con-
flict is detected when a path exists from a state element marked by Left to one 
marked by Right, or vice versa. Figure 1 from Section 2 illustrates an example: Left 
introduces countDupWhiteSpaces() which modifies the fixes variable, while Right’s 
countDupWords() method reads this value. Figure 2 provides a simplified visualiza-
tion of this DF graph construction. The path from Left’s definition of fixes to Right’s 
use creates a data dependence that can lead to interference.

3.2  Control dependence (CD and CD-e) analysis details

Control dependence is a fundamental concept in program analysis. We adopt the clas-
sical definitions of control dependence introduced by Ferrante et al. (1987), which 
remain the standard in the field. Control Dependence (CD) analysis identifies poten-
tial semantic conflicts during software merging by constructing a control-dependence 
graph and marking nodes corresponding to state elements modified by Left or Right. 
A path from a Left-marked node to a Right-marked node, or vice versa, indi-
cates a possible conflict, similarly to direct flow analysis. CD analysis captures 
how modifications to conditionals or loops affect dependent state elements and pro-
gram behavior. It can include or exclude exception edges in the control-flow graph, 
resulting in two variants: CD-e (with exception edges) and CD (without).

For instance, consider the example in Fig. 3, adapted from the scenario in Sec-
tion 2, illustrates a Control Dependence conflict where two developers independently 
modify a method. Right adds has  WeaselWords() to the ‘if’ condition expression, 
while Left adds text = loadFromFile() before the conditional statement and remove-
DuplicateWords() inside the ‘if’ statement body. Since Left’s addition depends on 
the conditional that Right modifies, the CD analysis detects interference through the 
control dependence paths, Left’s code can only execute if Right’s condition evaluates 
to true. Figure 4 provides a simplified visualization of this CD graph construction, 
showing the paths from the conditional that can lead to interference between Right 
and Left.

3.3  Program dependence graph (PDG and PDG-e) analysis details

The Program Dependence Graph (PDG), as originally defined by  Ferrante et  al. 
(1987), integrates both data and control dependencies to explicitly represent the 

Fig. 2  Simplified graph showing Direct Flow (DF) conflict from Left to Right
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semantic relations among program statements. Our implementation builds on the 
Direct Flow (DF) and Control Dependence (CD) analyses described earlier, and 
enriches the graph with additional edges to capture loop-carried dependencies and 
definition-order relations. Furthermore, the construction is performed with and with-
out exception handling, depending on the configuration.

For instance, consider the same code example from the CD analysis in Fig. 3. 
The simplified PDG graph illustrates how both data and control dependencies are 
captured. Left’s assignment creates a def-use edge (shown as a dotted line in Fig. 5) 
to the conditional that uses the text variable. Additionally, Left’s removeDupli-

Fig. 4  Simplified graph showing Control Dependence (CD) conflict from Left to Right

 

Fig. 3  Semantic conflict example. We highlight one developer’s change in red and the other’s in blue. 
Extracted from de Jesus et al. (2023)
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cateWords() call, placed inside the conditional body, has a control dependence on the 
conditional expression that Right modifies. The PDG graph reveals a path from Left’s 
modifications to Right’s changes, indicating a potential conflict, where both develop-
ers’ changes affect the program’s behavior in interconnected ways.

3.4  Interprocedural override assignment (OA Inter) analysis details

The Interprocedural Override Assignment (OA Inter) analysis detects conflicts in 
which a state element, modified by one developer is subsequently overwritten by 
changes introduced by another developer. A conflict is only reported if no inter-
mediate modification from the trusted baseline occurs between the two writes, 
ensuring that the overwrite represents a genuine interference between concurrent 
modifications.

For instance, the motivating example in Section 2 illustrates a scenario where there 
is an OA Inter conflict. In this example, the Left developer adds a call to countDup-
WhiteSpaces(), which modifies the variable fixes by counting duplicate whitespaces. 
The Right developer adds a call to countDupWords(), which also modifies fixes by 
counting duplicate words. So the same state element fixes is written by both develop-
ers without any baseline modification in between, leading to a semantic conflict. This 
analysis do not create a graph representation, as it only tracks write operations and 
their ordering.

Fig. 5  Simplified graph showing Program Dependence (PDG) conflict from Left to Right and Right 
to Left
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3.5  Interprocedural and intraprocedural confluence (CF Inter and CF Intra) 
analysis details

The Confluence (CF) analysis identifies where direct flows from different modifi-
cations converge, potentially causing interference. CF Intra operates within single 
methods, while CF Inter traces flows across method boundaries. This enables detec-
tion of semantic conflicts when changes from different developers in different state 
elements converge at a common program point, affecting the same state element, 
potentially leading to unexpected behavior.

The analysis executes dual DF analyses: once tracing changes from the Left 
branch to the Base, and once from the Right branch to the Base. Program points 
where paths from different developers converge are identified as confluence points, 
indicating potential interference in the merged program state when these paths affect 
the same state elements.

For instance, Fig.  6 illustrates a CF Inter conflict where Left adds countDup-
WhiteSpaces() to modify spaces, while Right adds countDupWords() to modify 
words. Since the final return statement combines both variables, their independent 
modifications converge at this point, creating a semantic conflict. Figure 7 provides a 
simplified visualization of this convergence pattern in the CF graph, leading to inter-
ference between Left and Right.

Fig. 7  Simplified graph showing Confluence Flow (CF) conflict

 

Fig. 6  Confluence Flow (CF) example. Extracted from de Jesus et al. (2023)
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4  Evaluation method

Our goal is to understand how different anaylises of the Static Analysis Combination 
Approach affect interference detection performance, particularly in terms of preci-
sion and recall. To achieve this, we replicate the empirical study by De Jesus et al. 
(2024), de Jesus et al. (2023), adhering to their methodology for dataset construction, 
analysis execution, and data evaluation. However, we refine the evaluation process to 
mitigate the impact of excessive false positives.

This focus on false positives stems from the substantial influence of false positives 
on the findings of the original study. Specifically, De Jesus et al. (2024), de Jesus et al. 
(2023) reported a high number of false positives, which significantly reduced preci-
sion and ultimately compromised conclusions about their approach’s effectiveness. To 
systematically explore Static Analysis Combination Approach’s potential for interfer-
ence detection, we follow the experimental design illustrated in Fig. 8 and detailed in 
this section. Our evaluation examines different analysis (interprocedural vs. intrapro-
cedural, with and without exception handling), assessing their accuracy, computational 
efficiency, and suitability as a foundation for semantic merge conflict detection tools.

Our research is driven by the following research questions that focus on evalu-
ating the effectiveness of different static analysis techniques in detecting semantic 
conflicts within merge scenarios. These questions aim to explore how each technique 
contributes to the occurrence of false positives and how their combinations impact 
detection performance, identifying the most effective sets of analyses for achieving 
optimal results across different evaluation metrics. 

RQ(1)	 How do different static analysis techniques lead to the occurrence of 
false positives in detecting semantic conflicts in a merge scenario? To answer 
this question, we conduct an analysis of exclusive true positives (TP-e) and 
exclusive false positives (FP-e) individually for each static analysis technique, 
comparing their results with each other. TP-e refers to conflicts detected by only 
one specific analysis, while FP-e refers to false alarms reported by only one anal-
ysis. These exclusive metrics help us understand each analysis’s unique contribu-
tion to the overall detection capability. We calculate the difference between TP-e 
and FP-e for each analysis. If the result of this difference is equal to or greater 

Fig. 8  Experiment Setup. We use the dataset from de Jesus et al. (2023), which includes merge sce-
narios from open-source Java projects. Each scenario is built into a JAR, extracting modified meth-
ods and lines for analysis. New static analyses are created, executed, and evaluated against a Ground 
Truth, testing all combinations of five techniques and nine variations to identify the best combination. 
Adapted from de Jesus et al. (2023)
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than zero, it indicates that the technique does not hinder the results. Conversely, 
if the result is negative, it means that the technique may negatively impact the 
attainment of better results.

RQ(2)	 What combinations of static analysis techniques demonstrate the best 
performance regarding each metric in detecting semantic conflicts in a 
merge scenario? To address this question, we automatically and exhaustively 
analyze all possible combinations of analyses, forming an n × n set of combi-
nations, where n = 9 available analyses. We evaluate the precision, recall, F1 
score, and accuracy of each combination to ascertain which exhibited the best 
performance. Additionally, in cases where multiple combinations show identical 
performance and were subsets of another, we eliminate the larger subset.

RQ(3)	 How does the execution time of different static analysis techniques and 
their combinations impact the overall performance and scalability in detect-
ing semantic conflicts in a merge scenario? To address this question, we sys-
tematically collect and analyze the execution time for each analysis technique 
and combination, considering the time taken for each individual execution and 
its impact on performance. Additionally, we explore how the execution time var-
ies with the complexity of each combination, aiming to identify the most time-
efficient approaches without sacrificing detection accuracy.

4.1  Experimental units

In our research, we adopt the same dataset of merge scenarios used in the original 
study (De Jesus et al. 2023), where pairs (scenario, operation) serve as experimental 
units. In more details, de Jesus et al. built the dataset of merge scenarios after mining 
96 units that originally appeared in the datasets of previous studies: 35 units from the 
work of Silva et al. (2023), 31 from Barros Filho (2017), 30 units from Sousa et al. 
(2018), and three new units, totaling 99 units. These units are associated with 54 merge 
scenarios derived from 32 projects, previously identified in past research. All selected 
merge scenarios were from open-source Java projects available as GitHub repositories.

Following the approach of De Jesus et al. (2024), de Jesus et al. (2023), the experi-
mental units exclude fast-forward and criss-cross merge commits (Chacon and Straub 
2014). Their dataset focuses on scenarios where methods or constructors are modified 
by both developers, facilitating the establishment of interference ground truth. In con-
trast to previous work on semantic conflict detection with tests (Silva et al. 2023), de 
Jesus et al.’s dataset also excludes scenarios where only field declarations are changed 
by both developers. This criterion is also adopted by related work on information flow 
analysis (Barros Filho 2017) and verification (Sousa et al. 2018), as these approaches 
also require method or constructor declarations as the analysis entry point.

4.2  Data collection procedures

This study follows the methodology of de Jesus et al. (2023) for preparing the inputs 
required for static analyses. This process consists of building the merge commit ver-
sion for each selected scenario, generating JAR files without external dependencies 
to optimize performance, and translating Java bytecode into the Jimple intermediate 
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representation using the Soot framework (Vallée-Rai et al. 2010). The Jimple rep-
resentation is generated without optimizations (e.g., variable inlining) to preserve 
statement structure and correct line annotations. Additionally, they collect and use 
information about the modified lines of code and modified operations (methods and 
constructors), which serve as annotations and entry points for the analyses. To ensure 
accurate interference detection, they leverages the DiffJ tool3 to obtain precise syn-
tactic differences.

4.3  Running combinations

With the prepared analysis inputs, we execute the combination of static analyses to 
detect interference Section 3 for each experimental unit. For performance reasons, 
the interprocedural version of the analyses (that detect Direct Flow, Confluence and 
Overriding Assignments interferences) are all executed with nesting level five, mean-
ing that they only analyze methods called up to five levels deep from the entry point. 
The same nesting level used by De Jesus et al. (2024), de Jesus et al. (2023). We also 
adopted the configuration from De Jesus et al. (2024), de Jesus et al. (2023), utilizing 
the Spark points-to analysis framework (Lhoták and Hendren 2003; Lhoták 2003), 
which enhances the precision of the call graph (Smaragdakis and Balatsouras 2015). 
Soot was configured similarly to the setup in De Jesus et al. (2024), de Jesus et al. 
(2023), retaining line numbers obtained from bytecode and excluding classes from 
standard Java libraries, except for basic classes such as String, RuntimeException, 
and those that simply encapsulate primitive types (Integer, Long, etc.). In addition 
to collecting analysis results that report interference or its absence, execution time 
data for each analysis combination is also gathered. Furthermore, combinations of 
all analyses are systematically generated in an n × n manner to collect their results, 
where n = 9 analyses. To achieve this, each analysis is run ten times for each of the 
99 experimental units.

4.4  Data analysis procedures

In this final step of our experiment, we compare the interference ground truth with 
the combinations generated from the analysis results and compute precision, recall, 
F1 score, and accuracy metrics. When combining the nine static analysis algorithms 
(see Section 3), we explore 511 distinct possible combinations. This is because each 
combination of techniques can include any subset of the nine available techniques, 
leading to a large number of possible combinations. We perform the experiment for 
511 possibilities, which highlights the difference from the previous study (De Jesus 
et al. 2024; De Jesus et al. 2023). For each configuration, we apply the logical OR 
operation to the set of techniques, resulting in a single outcome for each specific com-
bination. Next, we calculate the metrics for each of these combinations. Additionally, 
we evaluate if the most effective combinations are subsets of other with the same 
outcome. If so, we eliminate the larger combination, retaining only the smaller and 
therefore more efficient ones. This procedure enables us to achieve the same result 

3 DiffJ compares Java files based on their ASTs and is available at https://github.com/jpace/diffj.
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in less time. We adopted the same methodology and ground truth as de Jesus et al. 
(2023). Each experimental unit was manually analyzed by at least two researchers 
to identify interference based on defined conditions. In case of disagreement, a third 
researcher participated to reach a consensus. Each verdict was supported by a test 
case for interferences and an explanation for non-interferences, ensuring consistency 
and accuracy in the evaluation.

The manual analysis was performed by five researchers with 6-37 years of pro-
gramming experience and 5-30 years of Java expertise. All researchers are familiar 
with semantic conflict analysis and followed a rigorous protocol that includes: exam-
ining code changes using diff analysis, analyzing data and control flow dependencies, 
executing test cases when available, identifying interference and documenting find-
ings with annotated screenshots and structured descriptions.

To assess the contribution of each static analysis, we used the Exclusive True Posi-
tives (TPe) and Exclusive False Positives (FPe) metric. These metrics were developed 
to measure the effectiveness of each analysis in isolation, highlighting its specific con-
tributions in terms of true positives (TP) and false positives (FP). The TPe represents 
the number of true positives identified exclusively by a given analysis, while the FPe 
corresponds to the false positives attributed exclusively to that analysis. The difference 
between TPe and FPe provides a balanced measure that highlights the net impact of each 
analysis. The higher the TPe − FPe value, the greater the contribution of the analysis in 
providing accurate results without generating excessive noise, making it essential for 
evaluating the precision and usefulness of static analyses in detecting semantic conflicts.

The choice to focus on false positives (FP) stems from the high rate observed in 
previous works (De Jesus et al. 2024; De Jesus et al. 2023), which compromised the 
precision of their results and, consequently, the conclusions about the effectiveness 
of the approaches used. False positives occur when the system detects a semantic 
conflict that does not actually exist, generating false alarms. This can reduce trust in 
the analysis tool and overload developers with irrelevant alerts, potentially leading to 
the abandonment of the tool. Therefore, understanding how different static analysis 
techniques lead to the occurrence of false positives is crucial for assessing the real 
effectiveness of these techniques in merge scenarios.

We will present a comparison of the top-performing combinations identified for 
each metric of the confusion matrix in the next section. These combinations were 
selected based on their performance in accurately predicting classifications across 
various evaluation metrics, such as precision, recall, F1 score, and accuracy.

Finally, we summarize and analyze the execution time data using several approaches: 
the average execution time per unit, per analysis, and per combination. These calcula-
tions were performed across ten executions for each case, providing a comprehensive 
view of the time required for each analysis and combination. All execution times and 
corresponding metrics are available in our appendix (Appendix 2025).

We implemented all these data analysis steps and built a docker container for 
reproducibility purposes (see our online Appendix Appendix 2025).4 This approach 

4 The activities in the first two steps are also automated, but require manual effort in a number of scenarios, 
as explained earlier. That is why the replication container contains only the activities in the last two steps 
of our experiment.
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simplifies dependency management, enhances portability, and mitigates challenges 
associated with different runtime environments. Moreover, it grants access to the 
source code within the generated environment, safeguarding the integrity of the 
experiment.

5  Results

In this Section, we present the results of our investigation. In Section 5.1, we explore 
how different static analysis techniques influence the occurrence of false positives 
in detecting semantic conflicts in merge scenarios (research question RQ1). In Sec-
tion 5.2, we examine which combinations of static analysis techniques lead to the 
best performance regarding their capability for detecting semantic conflicts (research 
question RQ2). In Section 5.3, we analyze the execution time for each analysis tech-
nique and combination, investigating how the time varies with the complexity of 
each approach and its impact on performance (research question RQ3).

5.1  How do different static analysis techniques lead to the occurrence of false 
positives in detecting semantic conflicts in a merge scenario?

We are investigating the occurrence of false positives because previous studies have 
indicated that static analysis tools often exhibit high rates of this type of error. Our 
goal is to identify which analysis techniques are most associated with the generation 
of false positives and understand their impact on the analyzed combinations.

Our dataset consists of 99 units, each labeled with a Locally Observable Interfer-
ence (LOI) indicating the presence or absence of a semantic conflict. Among these, 
29 units have conflicts, while 70 do not. Table  2 presents the totals and percent-
ages of each confusion matrix component, false positives (FP), false negatives (FN), 
true negatives (TN), and true positives (TP), for each individually applied analysis 
technique. The PDG-e technique produced the highest number of false positives, 
with 27 occurrences, indicating a higher tendency to incorrectly classify non-existent 
conflicts as true. In contrast, the CD technique stood out for its precision, reporting 
only one false positive, making it the most conservative in terms of signaling false 
conflicts.

Table 2  Confusion matrix totals and percentages per analysis
Analysis FP (%) FN (%) TN (%) TP (%)
CD 1 (1.01%) 22 (22.22%) 69 (69.70%) 7 (7.07%)
CDe 13 (13.13%) 20 (20.20%) 57 (57.58%) 9 (9.09%)
DF-Intra 20 (20.20%) 22 (22.22%) 50 (50.51%) 7 (7.07%)
DF-Inter 23 (23.23%) 21 (21.21%) 47 (47.47%) 8 (8.09%)
OA Inter 6 (6.06%) 26 (26.26%) 64 (64.65%) 3 (3.03%)
Confluence Intra 8 (8.08%) 29 (29.29%) 62 (62.63%) 0 (0.00%)
Confluence Inter 18 (18.18%) 24 (24.24%) 52 (52.53%) 5 (5.05%)
PDG 18 (18.18%) 18 (18.18%) 52 (52.53%) 11 (11.11%)
PDG-e 27 (27.27%) 15 (15.15%) 43 (43.43%) 14 (14.15%)
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To address this question, we conducted a detailed analysis of exclusive true posi-
tives (TP-e) and exclusive false positives (FP-e) across three combinations, using 
CD Fig. 10 and PDG Fig. 11 in combination with three other analyses, and also 
compared all nine analyses with one another Fig. 12. We then calculated the dif-
ference between TP-e and FP-e for each individual analysis. If this difference is 
zero or positive, it suggests that the analysis contributes positively or at least does 
not hinder the overall results. Conversely, a negative difference indicates that the 
technique might be more detrimental than beneficial. This calculation is performed 
based on the results of each analysis, compared to the respective ones, i.e., the TP-e 
that appears exclusively in one analysis and does not appear in any of the others. 
The same applies to FP-e, where one analysis generates an FP case that does not 
occur in any other.

Some analyses are subsets of others, and understanding these relationships is 
crucial to evaluating their individual contributions. For instance, the CD analysis 
is completely contained within CD-e, PDG and PDG-e, while DF Intra is a subset 
of DF Inter, PDG and PDG-e. This hierarchical relationship implies that the results 
(both positive and negative) of each contained analysis are inherently subsets of the 
results of their supersets. The Venn diagram in Fig. 9 illustrates the dependencies and 
intersections among all the analyses conducted. This diagram highlights how differ-
ent analytical analyses overlap and contribute to the overall results.

Consequently, it is essential to analyze which analyses are contributing positively 
or interfering with the results. To achieve this, we summarize the results in Figs. 10, 
11 and 12. These figures isolate and assess the specific impact of each analysis when 
compared to CD Fig. 10 and to PDG Fig. 11 individually, and performs an analysis of 
all the analyses together Fig. 12. The goal is to determine how each analysis contrib-
utes to or limits the accuracy for detecting semantic conflicts.

When analyzing the nine analysis Fig. 9, we identified that OA Inter, CF Inter, 
DF Inter, and PDG-e are the analyses with the largest sets of identified semantic 
conflicts and exhibit distinct characteristics compared to the others. However, it is 
crucial to assess the contribution of each configuration in relation to false positives. 
We performed a comparison using the DF Inter, OA Inter, CF Inter, and PDG-e 
analyses, as well as between OA Inter, CF Inter, and CD-e. However, we observed 
that the analyses with exceptions generated more false positives, resulting in nega-
tive values when calculating the TPe − FPe of these comparisons. As a result, we 
decided to present, in the following subsections, a comparison exclusively between 
CD and PDG, without considering the exceptions, as they were generating an exces-
sive number of false positives. We also included the analysis with the complete set 
of all the analyses.

5.1.1  Using CD to compare FP-e and TP-e

We analyzed the performance of the CD, DF Inter, OA Inter, and CF Inter analyses 
in the detection of semantic conflicts, considering both True Positives (TP) and False 
Positives (FP). The interaction and overlap between these analyses raise relevant 
questions about their roles and limitations.
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In total, 13 True Positives and 28 False Positives were identified by the different 
analyses, as detailed in Fig. 10.

Regarding True Positives, we observed the following individual and overlap dis-
tribution: CD individually identified seven TPs; DF Inter identified eight TPs; CF 
Inter identified five TPs; OA Inter identified three TPs.

Only one unit was identified as a TP by all four analyses (CD ∩ OA Inter ∩ DF 
Inter ∩ CF Inter). Exclusive TPs exist for some analyses: CD identified three exclu-
sive TPs, and DF Inter identified three exclusive TPs. CF Inter identified one exclu-
sive TP. OA Inter did not identify exclusive TPs.

Several TPs were detected by combinations of analyses, but not by all, such as 
two TPs common only to CD and DF Inter. Other pair or trio overlaps (excluding the 
all-four overlap) include: one TP common to CD, OA Inter, and CF Inter; and one TP 
common to OA Inter, DF Inter, and CF Inter.

Fig. 9  Venn diagram showing the dependencies and intersections of all the analyses
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Regarding False Positives, we observed a significantly higher total number (28). 
The distribution of FPs by analysis individually is: CD identified only one FP; DF 
Inter identified 24 FPs; CF Inter identified 16 FPs; OA Inter identified five FPs.

The analysis of exclusive FPs confirms that different analyses make distinct errors, 
reflecting their methodologies and scopes. DF Inter presents nine exclusive FPs, CF 
Inter two, OA Inter one, and CD one.

The overlap of FPs is also informative. Three FPs are common to OA Inter, DF 
Inter, and CF Inter (not CD); One FP is common only to OA Inter and DF Inter; 11 
FPs are common only to DF and CF.

When evaluating the exclusive contribution of each analysis individually, consid-
ering the difference between their exclusive TP and their exclusive FP (TP-e - FP-e), 
we observed the following balances, as derived from the data presented in Fig. 10. 
CD is the only analysis to show a more significant positive balance (+2). The other 
analyses show negative balances: -1 for OA Inter, -6 for DF Inter, and -1 for CF Inter. 
This suggests that, while all analyses generate exclusive FPs, CD is comparatively 
more effective at identifying TPs unique to it than at generating unique FPs, showing 
the largest net exclusive contribution.

5.1.2  Using PDG to compare FP-e and TP-e

We analyzed the performance of the PDG, DF Inter, OA Inter, and CF Inter analy-
ses, considering both TP and FP. In total, 15 True Positives and 31 False Positives 
were identified by the different analyses, as detailed in Fig. 11 and our online appen-
dix (Appendix 2025).

Regarding True Positives, we observed the following individual and overlap dis-
tribution: PDG individually identifies 11 TPs; DF Inter identifies eight TPs; CF Inter 
identifies five TPs; OA Inter identifies three TPs.

Only one unit was identified as a TP by all four analyses (PDG ∩ OA Inter ∩ DF 
Inter ∩ CF Inter). Exclusive TPs exist for some analyses: PDG identified five exclu-

CD 2

OA Inter -1

DF Inter -6

CF Inter -1

TPe-FPeTrue Positive (13)

3

1

0

3

CD

CF Inter

OA Inter

DF Inter

1
1

1
2

1

False Positive (28)

OA Inter

CF Inter

CD

DF Inter

1

1
3

1

9 2
11

Fig. 10  Comparative of CD, OA Inter, DF Inter, and CF Inter analyses with the calculation of unique 
TP and FP scenarios.
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sive TPs, and DF Inter identified three exclusive TPs. OA Inter and CF Inter did not 
identify exclusive TPs; Two TPs common only to PDG and DF Inter, and one only 
to PDG and CF Inter.

Regarding False Positives, we observed a significantly higher total number (31). 
The distribution of FPs by analysis individually is: PDG identified 18 FPs; OA Inter 
identified five FPs; DF Inter identified 24 FPs; CF Inter identified 16 FPs.

DF Inter presents four exclusive FPs, PDG also four, CF Inter two, and OA Inter 
one. The overlap of FPs is also informative. Three FPs are common to all four analy-
ses; Six FPs are common to PDG, DF Inter, and CF Inter (not OA Inter); Five FPs are 
common only to DF Inter and PDG; Five FPs are common only to DF and CF Inter; 
and one FP is common only to OA Inter and DF Inter.

When evaluating the exclusive contribution of each analysis individually, con-
sidering the difference between their results, presented in Fig. 11. PDG is the only 
analysis to show a positive balance (+1). The other analyses show negative balances: 
-1 for OA Inter and DF Inter, and -2 for CF Inter. This suggests that, while all analy-
ses generate exclusive FPs, PDG is comparatively more effective at identifying TPs 
unique to it than at generating unique FPs. The total TP and FP values for each analy-
sis are available in our online appendix (Appendix 2025).

5.1.3  Using all analyses to compare FP-e and TP-e

In Fig. 12, which compares all analyses, it is noticeable that most results show zero, 
as it is difficult for one result not to be contained within another. However, we can 
observe that two analyses, CF Inter and DF Inter, have two and one exclusive false 
positives, respectively. This indicates that, in the total set of combined analyses, these 
two contribute more to negative results than to positive ones.

Based on Figs. 10 and 11, we observe that CD and PDG are two promising analy-
ses that contribute positively to the final result. Their lower number of false positives 
leads to higher precision, indicating that when they identify a conflict, it is more 
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likely to be a true positive. A more in-depth analysis of their results and combinations 
is necessary to draw more accurate conclusions, which will be addressed in the next 
research question.

5.2  What combinations of static analysis demonstrate the best performance 
regarding each metric in detecting semantic conflicts in a merge scenario?

To identify which combinations of static analysis offer the best performance for each 
metric in detecting semantic conflicts, we systematically evaluated all possible 511 
analyses combinations. These combinations were analyzed based on precision, recall, 
F1 score, and accuracy to determine which combinations are most effective. The 
results detailing the analyses with the best performance in each metric are presented 
in Table 3. When multiple combinations demonstrated equivalent performance but 
differed in complexity, we prioritized the simpler options to enhance practicality and 
implementation. While here we present only the best combinations out of the 511 we 
evaluated, the complete results can be found in our appendix (Appendix 2025).

Building on this, even though some analyses are subsets of others, our goal is 
to evaluate the best combinations across all analyses. This is because, as a subset, 
an analysis might be computationally faster while still producing the same results 
as its superset in certain scenarios. This potential trade-off between efficiency and 

Table 3  Comparison of the best combinations identified for each metric of the confusion matrix
Metrics Value Analyses combination
Precision 0.88 CD
Recall 0.59  PDG-e or DF Inter; PDG-e or DF Intra
F1 Score 0.44 PDG-e or DF Intra
Accuracy 0.77 CD

Fig. 12  Comparative of each analysis with the calculation of unique TP and FP scenarios
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effectiveness underscores the importance of examining all analyses. By doing so, we 
ensure a comprehensive understanding of which combinations yield optimal perfor-
mance, balancing accuracy and computational efficiency. For instance, if we obtain 
the same precision result using CD and using the combination of CD or PDG, we 
would opt for using only CD, as it is contained within PDG and has a smaller analysis 
scope, thus being executed more quickly.

The combination with the highest precision was the CD, with a score of 0.88. This 
indicates that CD is particularly effective at identifying true positives while minimiz-
ing false positives, making it a robust choice for scenarios where precision is crucial.

In terms of recall, the best performance was observed in the combinations PDG-e 
or DF Inter and PDG-e or DF Intra, both with a score of 0.59. This suggests that these 
combinations are more effective in detecting a higher proportion of true positives 
among all actual positives, which is essential for comprehensive conflict detection. 
In this case, we could use only the combination of PDG-e or DF Intra, as DF Intra 
is contained within DF Inter, resulting in a faster combination while achieving the 
same result.

For the F1 score, which balances precision and recall, the combination PDG-e or 
DF Intra showed the best performance, with a score of 0.44. Although this combina-
tion is not the best in precision or recall individually, it provides a balanced perfor-
mance between the two metrics.

Finally, the CD analysis also achieved the highest accuracy, with a score of 0.77. 
This highlights the overall effectiveness of CD in accurately identifying both true 
positives and true negatives across different scenarios.

Table 4 compares the metrics of the best combinations of static analysis. Although 
some combinations excel in precision, they do not perform well in other metrics, 
such as recall. For instance, the CD analysis is noted for its high precision and accu-
racy but has the lowest recall, with a score of 0.24. A detailed discussion of these 
results, including their implications and trade-offs, is presented in Section 6. This 
indicates that, while CD is effective at identifying true positives, it struggles to detect 
all semantic conflict cases, resulting in a higher number of false negatives. In con-
trast, the combinations PDG-e or DF Intra and PDG-e or DF Inter show superior 
performance in recall, reflecting a better ability to identify a higher proportion of 
true positives. However, these combinations do not stand out in precision and other 
metrics, suggesting that while they are better at detecting conflicts, they may gener-
ate more false positives. This analysis highlights the trade-off between precision and 
recall and emphasizes the need to balance these metrics to optimize the effectiveness 
of the analyses.

Table 4  Comparison of the results for the best combinations
Metrics Analyses combination

PDG-e or DF Inter PDG-e or DF Intra CD
Precision 0.33 0.35 0.88
Recall 0.59 0.59 0.24
F1 Score 0.42 0.44 0.38
Accuracy 0.54 0.56 0.77
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5.3  How does the execution time of different static analysis techniques and 
their combinations impact the overall performance and scalability in detecting 
semantic conflicts in a merge scenario?

To measure the execution time of each analysis, we recorded both configuration and 
execution phases to capture the full computational cost. For combinations using the 
OR condition, we computed the total time by summing the individual analysis times, 
though in practice an optimized approach could stop execution once a positive result 
is obtained.

We formulated the following null and alternative hypotheses:

	● H0: There is no significant difference in execution time among the nine static 
analysis.

	● H1: At least one static analysis exhibits significantly different execution time 
compared to the others.

Given the non-normal distribution of execution times (Shapiro-Wilk test), we 
employed non-parametric methods for our analyses. We leveraged the Kruskal-Wal-
lis test to detect overall differences among the nine analyses. We conducted post-hoc 
pairwise comparisons using Dunn’s test, which is specifically designed for non-para-
metric multiple comparisons following Kruskal-Wallis. To control for Type I error 
inflation due to multiple testing (36 pairwise comparisons), we applied Bonferroni 
correction, adjusting the significance threshold to maintain a family-wise error rate 
of 0.05.

The Kruskal-Wallis test revealed significant differences among the nine analyses, 
leading us to reject H0. Table 5 presents key pairwise comparisons. The results con-
firm that OA Inter and CF Intra are significantly faster than both CD and DF Inter. 
The particularly large differences when compared to DF Inter highlight that interpro-
cedural dataflow analysis incurs substantial computational overhead.

Comparing exception-aware versions reveals the cost of exception handling: CD-e 
is only 2.8% slower than CD, and PDG-e is 7.8% slower than PDG. Statistical tests 
show no significant difference between these pairs, confirming that incorporating 
exception flow analysis adds negligible computational overhead.

While individual analyses vary significantly in execution time Table 6, with CF 
Inter being 3.7x slower than OA Inter, computational cost does not determine com-
bination effectiveness. We compared the three best-performing combinations identi-
fied in RQ2 and found that CD is significantly faster than both PDG-e or DF Inter 
and PDG-e or DF Intra. As shown in Table 4, CD also achieves superior precision 
compared to these more expensive combinations. When comparing PDG-e or DF 

Table 5  Key statistical comparisons from Dunn’s test (p-values after Bonferroni correction)
Comparison Mean Diff (s) p-value Interpretation
OA Inter vs CD -1.451 0.0001 OA significantly faster
OA Inter vs DF Inter -8.662 <0.0001 OA significantly faster
CF Intra vs CD -1.023 0.0013 CF Intra significantly faster
CF Intra vs DF Inter -8.234 <0.0001 CF Intra significantly faster
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Intra against PDG-e or DF Inter, we found no significant difference despite PDG-e or 
DF Intra being faster. These results demonstrate that strategic use of simpler, faster 
analyses can outperform complex, expensive ones in both execution time and detec-
tion effectiveness.

To evaluate scalability, we examined the relationship between program complexity 
(measured by number of visited methods) and execution time using linear regression 
analysis. The regression analysis revealed a moderate positive linear relationship, 
indicating that 40% of execution time variance can be explained by the number of 
visited methods. The remaining 60% is attributable to other factors such as control 
flow complexity, call depth, and analysis-specific characteristics. Notably, 85% of 
scenarios involved fewer than 1,000 methods and completed within 120 seconds, 
demonstrating practical applicability. The approach successfully scaled to programs 
with up to 5,000 visited methods, though with increased time variance.

5.4  Comparison with previous work

We compared the results of the static analysis combination proposed in this work 
(SA) with those of related works, as detailed in Table 7. To ensure a fair comparison, 
we reused the datasets adopted in previous studies, enabling the application of all 
analyses over the same experimental units and facilitating the calculation of compa-
rable metrics: precision, recall, F1 score, and accuracy. Our results are using the best 
combinations indentified in RQ2.

The column labeled SA presents the metrics obtained with our full dataset of 99 
units. Our analysis achieved the highest precision (0.88) and the highest accuracy 

Table 6  Descriptive statistics of execution times (in seconds) for each analysis technique
Analysis N Mean SD Median Min Max
CD 99 7.82 12.53 3.95 2.09 110.33
CD-e 99 8.04 12.52 4.10 2.09 110.72
CF Inter 99 23.84 106.13 4.17 1.48 1013.53
CF Intra 99 6.80 12.45 2.79 1.49 106.80
DF Inter 99 15.03 42.09 4.98 2.36 391.35
DF Intra 99 8.00 12.74 4.03 2.37 110.40
OA Inter 99 6.37 11.23 2.68 1.92 98.50
PDG 99 8.25 12.26 4.42 2.41 108.92
PDG-e 99 8.89 12.92 4.60 2.44 111.17

Table 7  Accuracy metrics and comparison with previous work and their datasets. We use SA for the Static 
Analyses we propose in here, JSA for Static Analysis used in De Jesus et al. (2023), DA for the Dynamic 
Analysis used in Silva et al. (2023), IF for the Information Flow analysis used in Barros Filho (2017), and 
VA for the Verification Algorithm used in Sousa et al. (2018)
Metrics Techniques

SA JSA SA DA SA IF SA VA
Precision 0.88 0.33 0.85 0.66 0.86 0.50 0.33 0.22
Recall 0.59 0.52 0.58 0.08 0.56 0.36 0.17 0.33
F1 Score 0.44 0.41 0.44 0.14 0.53 0.42 0.18 0.27
Accuracy 0.77 0.56 0.85 0.77 0.68 0.60 0.70 0.63
Units 99 99 78 78 63 63 30 30
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(0.77), suggesting a low incidence of false positives and a robust ability to correctly 
classify conflict scenarios. In contrast, the JSA technique, adapted from the static 
analysis presented in de Jesus et al. (2023) and applied to the same 99 units, yielded 
considerably lower precision (0.33) and accuracy (0.56), although with a higher 
recall (0.52), indicating a higher detection rate at the cost of more false positives.

To investigate how our approach compares with dynamic techniques, we also 
evaluated both our SA and the Dynamic Analysis (DA) proposed in Silva et al. (2023) 
over a shared subsample of 78 units. On this common dataset, SA achieved a preci-
sion of 0.85 and recall of 0.58, both close to the metrics obtained in the full data-
set, while DA exhibited a precision of 0.66 and a significantly lower recall (0.08). 
These results show that, although DA is accurate in identifying a smaller set of true 
conflicts, it tends to miss a larger portion of them, suggesting a higher incidence of 
false negatives. Of the 78 units analyzed, 24 presented conflicts. However, only three 
conflicts were reported by tests, of which two were true positives and one was a false 
positive. This demonstrates that the test-based approach and test execution alone are 
not sufficient to guarantee the absence of conflicts in the code.

To investigate how our approach compares with other static techniques, we also 
evaluated both our SA and the Information Flow (IF) analysis proposed in Barros Filho 
(2017) over a shared subset of 63 units. Although IF was executed on all 99 units, it only 
produced results for 63 of them using its best configuration. On this common dataset, SA 
achieved a precision of 0.86, recall of 0.56, F1 score of 0.53, and accuracy of 0.68, while 
IF reached a precision of 0.50, recall of 0.36, F1 score of 0.42, and accuracy of 0.60. 
These results show that SA consistently outperforms IF across all evaluated metrics.

Finally, our comparison with the Verification Algorithm (VA) from Sousa et al. 
(2018), applied over 30 common units, revealed that both approaches performed 
modestly in this reduced sample. SA reached a precision of 0.33 and a recall of 0.17, 
while VA achieved 0.22 precision and 0.33 recall. The notably lower precision of SA 
compared to its full-dataset performance is due to the very small number of positive 
samples in the shared dataset, where missing five out of six true positives had a dis-
proportionately large impact on the metric.

Taken together, these comparisons emphasize the robustness of our SA technique 
across different datasets. It consistently achieves high precision and competitive recall, 
which positions it as a promising approach for detecting semantic merge conflicts in 
software repositories. Moreover, the variability of results across datasets reinforces the 
importance of using common experimental units when comparing tools and techniques.

6  Discussion

Our comparative analysis of different combinations of static analysis revealed notable 
variations in the performance of classical evaluation metrics, including precision, recall, 
F1 score, and accuracy. While these metrics provide a quantitative basis for evaluating 
the effectiveness of each combination, they may not capture the full complexity of the 
scenarios involved. Therefore, a complementary manual analysis is essential to better 
interpret the results, understand the context behind false positives and false negatives, 
and refine the evaluation of each combination’s practical applicability.
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Of the 29 units labeled as containing conflicts, CD identified eight as conflictual. 
Among these, one case was a false positive, while the remaining seven were true posi-
tives. Notably, this unit exhibits a data dependency detected by CD but does not pres-
ent a semantic conflict according to the LOI classification, this discrepancy arises from 
CD’s conservative flow analysis, which may overapproximate potential interferences.

This means that CD correctly identified only seven out of the 29 actual conflicts, 
yielding a recall of 24%. However, its precision was 0.88, indicating that when CD 
does report a conflict, it is correct 88% of the time, i.e., out of the eight reported, it 
correctly identified seven. This is a strong result from a precision standpoint, sug-
gesting that CD is a conservative analysis that minimizes false positives, a desirable 
property in contexts such as continuous integration pipelines, where false alarms can 
cause unnecessary rework and delays.

On the other hand, CD missed 22 out of the 29 actual conflicts, resulting in a false 
negative rate of 76%, which is concerning. Missing such a large proportion of real 
conflicts is critical, especially in safety- or security-sensitive systems, where unde-
tected semantic conflicts can compromise software integrity. However, this shows 
that not all existing conflicts involve control flow, which leads to a low detection rate. 
That is why there is a need for other analyses and combinations.

A manual analysis of the 22 false negatives produced by the CD analysis revealed 
the following patterns:

	● Five cases related to exception edges, where semantic changes involved excep-
tion flows not captured by CD;

	● Four cases of removed lines, representing deletions that affected semantics, but 
we are unable to execute CD due to a limitation of our approach, which relies 
solely on the merge version;

	● Four cases involving dependencies, meaning that the conflict depended on the 
use of external dependencies or on an interprocedural analysis, which CD was 
not designed to detect;

	● Four cases involving lack of conditional flow, where logic changes occurred in 
regions without explicit conditional control structures;

	● Two cases of complex conditionals, which CD was unable to resolve due to 
nested or non-obvious branching logic;

	● Three cases involving interface implementation, where behavior changed 
through polymorphism, outside CD’s resolution scope;

	● Two cases related to annotations, in which we were unable to correctly identify 
the markings and they were not reflected in changes to the control flow.

These results show that most false negatives are caused by limitations in the CD anal-
ysis’s ability to capture complex or implicit semantic behaviors, such as exception 
handling, polymorphism, and external dependencies, highlighting the need for more 
comprehensive analysis strategies to improve recall in semantic conflict detection.

Regarding the 70 units without conflicts, CD correctly classified 69 as true nega-
tives and only misclassified one as a false positive. This further reinforces CD’s high 
accuracy in filtering out non-conflicting cases, contributing to its overall reliability 
when it comes to avoiding irrelevant warnings.
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6.1  Maximum coverage: PDG-e with DF-Inter

Of the 29 units labeled as containing conflicts, the PDG-e or DF-Inter combination 
identified 51 as conflictual. Among these, 17 were true positives, meaning real semantic 
conflicts correctly identified, while 34 were false positives, cases in which the combina-
tion incorrectly flagged a conflict that did not exist according to the LOI classification.

This means that the combination correctly identified 17 out of the 29 actual con-
flicts, yielding a recall of 59%, the highest among the evaluated combinations. How-
ever, its precision was only 0.33, indicating that only one-third of the flagged cases 
actually corresponded to real conflicts. This result reflects a highly inclusive (or 
aggressive) detection strategy, sacrificing precision for broader coverage.

A manual analysis of the 34 false positives revealed the following patterns:

	● 13 cases of refactoring, where changes in the code did not impact the semantic 
behavior;

	● Seven cases related to harmless code changes, such as insertions or modifica-
tions that did not affect the logic;

	● Six cases attributed to conservative flow, where the analysis overestimates de-
pendencies due to its conservative nature;

	● Four cases related to annotations, where the analysis was unable to accurately 
identify the affected lines;

	● Four cases of harmless code insertion, with no impact on method logic.

These findings show that many false positives result from structural or syntactical 
changes that do not affect the software’s behavior, highlighting the importance of 
manual analysis to correctly interpret the alerts generated by automatic tools.

A manual analysis of the 12 false negatives revealed the following patterns: four 
cases of removed lines; four cases of dependencies; two cases of complex condi-
tionals; and three cases of interface implementation.

These findings indicate that most false negatives stem from limitations in captur-
ing implicit behavior or structural changes, emphasizing the challenges in achieving 
complete semantic coverage with static analysis.

Regarding the 70 units without conflicts, the analyses correctly classified 36 as true 
negatives, while 34 were incorrectly classified as false positives. This nearly balanced 
split highlights the analyses’s low specificity, meaning it frequently flags conflicts where 
none exist. Still, its high recall indicates that it can be a valuable component in a detection 
pipeline where maximizing coverage is more important than achieving high precision.

6.2  F1 Score: balancing precision and recall

Of the 29 units labeled as containing conflicts, the combination PDG-e or DF-Intra 
identified 49 as conflictual. Among these, 17 were true positives, that is, actual 
semantic conflicts correctly flagged by the combination, while 32 were false posi-
tives, representing cases incorrectly classified as conflicts by the combination.

This means that the combination successfully detected 17 out of the 29 actual con-
flicts, yielding a recall of 59%. Its precision was 0.35, indicating that approximately 
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one out of every three reported conflicts was indeed correct. This trade-off between 
precision and recall results in an F1 Score of 0.44, the highest among all evaluated 
combinations. This reflects a more balanced approach to conflict detection, where 
neither recall nor precision is maximized independently, but both are maintained at 
reasonable levels.

A manual analysis of the 32 false positives revealed several recurring causes: 13 
cases of refactoring; seven cases of harmless code changes; six cases of conserva-
tive flow; four cases related to annotation usage; and two two cases of harmless 
code insertion.

The 12 false negatives, actual conflicts not detected by the combination, were cate-
gorized as follows: three cases of removed lines; four cases involving dependencies; 
two cases of complex conditionals; and three cases of interface implementation.

These findings reveal that while PDG-e or DF-Intra achieves a balanced trade-off 
between precision and recall, it still struggles with specific conflict types, particularly 
those involving subtle behavioral changes such as deletions or polymorphism. The 
false positives predominantly stem from structural modifications or benign changes, 
underscoring the necessity of manual inspection to filter out irrelevant alerts.

Regarding the 70 units without conflicts, the combination correctly identified 38 
as true negatives and misclassified 32 as false positives. This demonstrates a rela-
tively low specificity, as nearly half of the non-conflicting units were incorrectly 
flagged. Nevertheless, the high recall makes this combination a strong candidate in 
contexts where coverage is more important than precision, such as early detection 
stages or collaborative development workflows.

6.3  Trade-offs and applicability

We observed that most FPs are associated with refactoring changes or harmless code 
modifications. The main causes include code modifications or insertions that do not 
affect method logic, limitations related to the conservative flow of the analyses, and 
difficulties in accurately identifying changes involving annotations. Some analyses 
that take exceptions into account may also capture flows that do not actually exist, 
contributing to FPs. Furthermore, interprocedural techniques, by analyzing flows 
across different methods, are more likely to detect lower-level dependencies, which 
can increase the incidence of false positives compared to intraprocedural analyses.

The CD analysis, in turn, shows a reduced number of false positives precisely 
because it does not consider scenarios commonly present in the other analyses. More-
over, since it operates in an intraprocedural manner and detects fewer conflicts, it is 
less likely to capture lower-level dependencies, which helps reduce FPs. However, 
this more conservative approach, while effective in minimizing false positives, may 
also result in a lower detection rate of real conflicts.

Table 8 summarizes the results of the manual analysis of false positives (FP) and 
false negatives (FN) across the three evaluated combinations: CD, PDG-e or DF-
Inter, and PDG-e or DF-Intra. These findings highlight the trade-offs between preci-
sion, recall, and overall applicability of each combination.

False positives remain a challenge in our approach. Among the 34 FP cases identi-
fied in our best-performing analysis combination, 13 (38%) are caused by refactoring 
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operations that do not impact semantic behavior. Lira et al. (2025) demonstrate that 
integrating refactoring detection tools with semantic conflict analysis can effectively 
filter such cases. Applying their approach to our dataset, their solution successfully 
identified 10 of these 13 refactoring instances (77%), reducing our false positives 
from 34 to 24. This demonstrates that combining our semantic conflict detection with 
automated refactoring detection tools can improve precision and accuracy by 8-12 
percentage points, significantly enhancing the practical applicability of the approach. 
Our approach provides substantial value: it detects semantic conflicts that currently 
go undetected by existing test suites and code review processes, reports exact conflict 
lines and complete interference paths for quick verification, and enables developers 
to identify critical issues during development rather than after deployment, where 
remediation costs are substantially higher.

7  Threats to validity

7.1  Construct validity

The way dynamic semantic conflicts are identified can influence the results. Similar 
to the work of De Jesus et al. (2024), de Jesus et al. (2023), we use the concept of 
locally observable interference to validate semantic conflicts. However, this approach 
has an inherent limitation: the analysis only considers interferences detected within 
the analyzed method and the methods it calls, making a global interference analysis 
across the entire project unfeasible.

The use of metrics such as precision, recall, F1-score, and accuracy may not fully 
capture the effectiveness of the techniques in detecting real conflicts in merge sce-
narios, as they do not necessarily reflect the true nature and impact of these conflicts 
in practical settings.

Another potential threat relates to the completeness of the ground truth. Since 
it was manually created, there is a risk that our dataset underestimates the actual 

Table 8  Manual analysis of false positives and false negatives by combination
Type Category CD PDG-e or DF-Inter PDG-e or DF-Intra
FP Conservative flow 1 6 6

Refactoring 0 13 13
Harmless code changes 0 7 7
Harmless code insertion 0 4 2
Annotation related 0 4 4

Total 1 34 32
FN Exception edges 5 0 0

Removed lines 4 4 3
Dependencies 4 4 4
Lack of conditional flow 4 0 0
Complex conditionals 2 2 2
Interface implementation 3 3 3
Annotation related 2 0 0

Total 24 13 12
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number of semantic interferences. Even with rigorous review by multiple experi-
enced researchers following a detailed protocol, it is possible that certain subtle or 
complex interferences were not identified by any of the experts. This could lead to an 
overestimation of our approach’s precision, as some reported conflicts we classified 
as false positives might actually be genuine interferences that we failed to recognize 
during manual analysis. To partially mitigate this threat, we developed detailed speci-
fications and conducted training sessions to ensure consistent criteria for identifying 
semantic conflicts, required review by at least two experts per case with disagreement 
resolution, and made our complete dataset publicly available to enable verification 
and extension by the research community.

7.2  Internal validity

Small variations in the generated bytecode can affect the static analysis. If a differ-
ent compiler or a distinct version of OpenJDK is used, the results may change. To 
mitigate this effect, we use OpenJDK 8 (1.8.0_202), one of the most widely adopted 
versions.

Some techniques may generate more false positives or negatives, which can influ-
ence the perception of their effectiveness. For instance, the Control Dependence (CD) 
technique is highly effective in reducing the number of false positives, having high 
precision and accuracy. However, it has very low recall, meaning it may not detect 
some relevant conflicts.

It is important to emphasize that the count of “exclusive” does not refer to unique 
semantic conflicts identified by a technique, but rather to units where an analysis 
detected a FP or FN differently from the other analyses. A unit can have multiple 
types of conflicts, and not all of them are identified by a single analysis. Thus, one 
analysis may find a type of conflict that another does not, meaning these conflicts 
may be different, not exclusive. Therefore, we use the terms exclusive FP and FN, 
not exclusive conflicts. This is because we rely on the final result of each analysis, 
i.e., the decision to return “true” or “false” for that specific unit, without comparing 
the data or control flows generated by each technique. Furthermore, these flows may 
not correspond, as different techniques may focus on different aspects of the code, 
making the notion of “exclusive conflict” inapplicable.

7.3  External validity

The experiment was conducted on specific Java projects, limiting its applicability 
to other programming languages that cannot be converted to bytecode. Although we 
analyzed 32 projects, they may belong to a specific domain, making it difficult to 
generalize the results to all types of projects. Since the study is based on a dataset 
specific to the work of De Jesus et al. (2024), de Jesus et al. (2023), this may limit the 
validity of the findings for other contexts.

Although the experiment uses real scenarios and projects, its real impact on devel-
opers’ workflows has not been tested in an industrial environment. The techniques 
were not evaluated in companies, which could affect their practical adoption and 
actual effectiveness. The choice of techniques may depend on computational cost and 
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ease of adoption by developers. Theoretical results do not always translate directly 
into practical benefits.

8  Related work

Our study investigates the combination of static analysis techniques to provide a 
comprehensive evaluation of their effectiveness across different metrics and contexts. 
While various studies explore different approaches, we observed that many exhibit 
high false positive or false negative rates or a significant disparity between precision 
and recall. Thus, our work aims to identify technique combinations that can enhance 
results in real-world scenarios.

Horwitz et al. first studied dynamic semantic conflicts (Horwitz et al. 1989, 1990; 
Yang et al. 1992) and formalized the interference definition we use here. They, how-
ever, proposed the construction of PDGs (Horwitz et al. 1989) and SDGs (Horwitz 
et al. 1990) for the four program versions in a merge scenario, and compute differ-
ences between these to detect and resolve interference; to compute differences, they 
require the use of structured editors to identify AST nodes changed in each of the 
revisions. Although inspired by this seminal work, and also using PDG and CD, our 
technique only analyzes the merge version—which is annotated with line chang-
ing information—and avoids some of the heavyweight analysis needed to construct 
SDGs. More recent work (Barros Filho 2017) gets close to that, using the JOANA 
framework (Hammer and Snelting 2009) to build a single SDG for the merge ver-
sion in a scenario. This, however, can take hours to construct, whereas our analyses 
run much faster. Overall, our technique presents better but comparable precision; we 
were not able to compare recall due to the related work experiment design.

Instead of static analysis, Da Silva et al. (2020, 2022, 2024) detect interference by 
generating unit tests, running them on the four program versions, and analyzing the 
results. They rely on test passing criteria that suggests interference—if a test breaks 
in the base version, and passes in one of the parents, and breaks again in the merge 
is suggestive evidence that the change carried on by this parent is not preserved in 
the merge version. They need no line change information, and can detect interference 
due to removed lines and changes in field declarations. Our results surpassed theirs by 
selecting the best combination for each metric, demonstrating superior performance 
across all evaluated dimensions, including precision, recall, F1 score, and accuracy. 
Our performance should also be much better than theirs, based on the little informa-
tion (only test generation time, not test execution time) they provide about that. The 
combination of both techniques could be a promising direction for future work.

A third technique for interference detection is explored by Sousa et  al. (2018), 
which statically infers relational post-conditions from the merge scenario code ver-
sions, establishing constraints on how state elements can be modified by different 
versions in such a way to avoid interference. It then applies theorem proving, to 
check if the constraints are satisfiable. Performance from this verification approach 
can be considerably higher than our approach with larger programs that were changed 
in a number of places.
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A similar technique by Muylaert et al. (2023) employs symbolic execution to detect 
semantic conflicts. Their approach defines the program semantics as path conditions 
produced by a symbolic executor and checks whether these conditions meet the estab-
lished rules that indicate a merge conflict. Specifically, the method determines whether 
the conditions defined in the Left, Right, and Merge versions of a merge scenario are 
satisfied. The authors validated their approach using a synthetic dataset of 438 sce-
narios, which they generated through mutation testing. After manually analyzing ten 
randomly selected scenarios, they found that the approach accurately classified three 
as true positives and the remaining as false negatives. Instead, we leverage a real-
world dataset of GitHub scenarios and conduct a detailed manual analysis of the entire 
dataset to assess the accuracy of the results. Furthermore, our approach is applied 
exclusively to the merged version of the program, rather than to all three versions.

A related technique by De Jesus et al. (2024), de Jesus et al. (2023) employs four 
static analyses - Interprocedural Direct Flow, Interprocedural Confluence, Interpro-
cedural Override Assignment, and Program Dependence Graph - to detect semantic 
conflicts. Their method reports interference whenever at least one of these tech-
niques detects it, effectively applying a logical OR to the results. While this strategy 
increases the number of detected interferences, it also leads to a low precision due 
to the high number of false positives. Instead, our study implements additional tech-
niques, introduces new analyses (five analyses), and systematically evaluates mul-
tiple combinations of these techniques. By doing so, we provide a more nuanced 
assessment of their individual and combined effectiveness, achieving better precision 
and recall metrics and leading to a deeper understanding of their impact.

Brun et al. (2011, 2013), Kasi and Sarma (2013) also addresses the detection of 
both static and dynamic semantic conflicts, with a greater emphasis on static detec-
tion. For dynamic analysis, they employ tests. Brun et al. (2011, 2013) present Crys-
tal, a tool that speculatively merges local developers’ repositories, builds, and tests 
the results, aiming to detect and warn developers early about potential conflicts. 
Similarly, Kasi and Sarma (2013) introduce Palantír, a tool that monitors ongoing 
changes in developers’ personal workspaces and continuously shares information 
about changes that might lead to conflicts. However, the authors observe build con-
flicts in a small number of projects – three in one study and four in the other. It is, 
therefore, important to observe the frequency of conflicts in a broader context. In our 
research, we explore aspects of dynamic semantic conflicts that these previous works 
do not address. We alse analyze false positives and negatives to assess the accuracy 
of our approach.

The work of Thorsten and Andrzejak (Wuensche et al. 2020) employs static analy-
sis to detect build and test conflicts. They identify 54 build conflicts over a period 
of 22 months in the development process of a single project. However, they do not 
manage to identify any conflicts that cause test failures during the analyzed period, 
highlighting that build conflicts are more common and that the tests used, which are 
the project’s own tests, are not sufficient to capture all types of conflicts. In our work, 
we apply our approach to 32 real projects. They adopt different types and approaches 
to conflicts, treating some refactoring cases as conflicts, which differs from our 
approach. In the ground truth that we used, this type of change is not considered 
interference, as it involves refactorings that do not alter the system’s behavior. Our 

1 3

Page 33 of 38  40



Automated Software Engineering (2026) 33:40

approach emphasizes the complexities and nuances of dynamic semantic conflicts, 
while their work focuses on static conflicts.

Shen et al. (2023a) employed a three-step method to analyze and classify types of 
conflicts. They identify merge scenarios in 208 GitHub projects and replicate the git 
merge process, classifying conflicts as textual, build, or test based on the phase where 
the failure occurs. The process includes running the tests created by the developers and 
executing the project’s build process. Textual conflicts were reported more frequently 
than build and test conflicts, with the latter being more challenging to resolve. The total 
number of semantic conflicts was 153 (107 build and 46 test). Most of these conflicts 
were related to configuration files and build scripts, rather than Java code altered by 
developers. Additionally, the entire process is automated to check if a failure occurs at 
any stage. In contrast, our work focuses on code changes and dynamic semantic con-
flicts, rather than build scripts or configuration files, which are static semantic conflicts. 
We address other types of more complex conflicts that are not captured by tests after the 
build process, which cannot be automatically classified and require manual peer review.

Zhang et al. (2022), Dinella et al. (2022), Svyatkovskiy et al. (2021, 2022), Dong 
et al. (2023), Shen et al. (2023b) address automatic merge conflict resolution using 
machine learning and large language models.  Zhang et  al. (2022) explore GPT-3 
for textual conflict resolution, demonstrating that the model can harmonize struc-
tural code differences and preserve static semantic correctness (passing the build 
process). Dinella et al. (2022) developed DeepMerge, a neural model for JavaScript 
that applies rearrangement and editing operations on conflicting lines identified by 
diff3, though it cannot synthesize new code when existing lines are insufficient. Svy-
atkovskiy et al. (2021, 2022) present MergeBERT, which applies diff3 at the token 
level instead of line level, enabling finer-grained resolution, the authors explicitly 
acknowledge their technique does not guarantee semantic correctness. Dong et al. 
(2023) present MergeGen, employing an encoder-decoder generative model that 
can produce new tokens when necessary, overcoming limitations of previous clas-
sification-based techniques that were restricted to combining pre-existing code ele-
ments.  Shen et  al. (2023b) proposes CHATMERGE, combining machine learning 
with ChatGPT to generate conflict resolutions. However, these approaches address 
only textual and build conflicts, not semantic interference. Our work detects dynamic 
semantic conflicts using static analysis to identify interference in the merge version.

Previous research has extensively addressed various aspects of conflict manage-
ment in software development. Works such as those by Apel et  al. (2011), Sarma 
et al. (2011), Apel et al. (2012), Gligoric et al. (2014), Cavalcanti et al. (2017), Cav-
alcanti et al. (2019) have focused on the prevention, analysis, detection, or resolution 
of textual and static semantic conflicts. These studies employ a variety of techniques, 
including structured merging, to address conflicts that arise during software develop-
ment and integration processes. Their contributions have provided valuable insights 
into how to manage conflicts effectively within these specific contexts. Our work 
builds on and extends these foundational studies by addressing dynamic semantic 
conflicts, an area that has not been sufficiently explored in the previous literature. 
We aim to analyze conflicts that are not identified by the traditional types of conflicts 
(textual, build, and test). We focus on identifying conflicts that go unnoticed by these 
analyses and only manifest as system failures during its use.
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9  Conclusions

We present a set of static analyses that show significant capability in detecting inter-
ferences and hold promising potential for identifying dynamic semantic conflicts. It 
is crucial to select the most appropriate analyses and their combinations, tailored to 
the specific context of software development.

The choice between precision, recall, and accuracy should be driven by the 
context and the problem being addressed. In applications where precision is criti-
cal, such as fraud detection or medical diagnosis, minimizing false positives is 
essential. In contrast, in scenarios where recall is paramount, such as security vul-
nerability detection or disaster alerts, ensuring the detection of all relevant cases is 
crucial. In practice, the choice of prioritizing precision, recall, F1 score, or accu-
racy depends on the specific problem being addressed and the impact of false posi-
tives and false negatives on business outcomes. It should also account for class 
balance within the context, ensuring an optimal trade-off that enhances decision-
making effectiveness.

Our analysis demonstrates that the Control Dependence (CD) analysis excels 
in precision, while the Program Dependence Graph with exception edges (PDG-
e), combined with Interprocedural Direct Flow (DF Inter) analysis, outperforms in 
recall. Furthermore, the PDG-e and DF Intraprocedural analyses strike an effective 
balance between precision and recall. Additionally, CD shows consistent efficiency 
with lower execution time, while the other combinations, PDG-e or DF Inter and 
PDG-e or DF Intra, display greater variability in execution time.

Despite variations in metrics, static analysis techniques offer significant value 
due to their lightweight nature and ability to detect potential conflicts early. Current 
merge tools do not handle these conflicts, as they focus only on textual, build, and test 
conflicts. This limitation increases the risk of undetected semantic conflicts, which 
can cause significant issues in later stages. These techniques stand out by providing 
detailed reports and pinpointing the exact lines of code where dynamic semantic 
conflicts may arise. This makes verification faster and more targeted, in contrast to 
situations where problems are only detected after they cause real impacts, making it 
challenging to trace their root cause.
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