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Abstract

Test code is essential for software quality, yet software maintenance research has focused
mainly on production code, leaving important aspects of test-code quality and evolution un-
derexplored. This thesis examines two dimensions of test-code maintenance: self-admitted
technical debt (SATD) and method-level evolution. To understand SATD in test code, com-
ments from open-source Java projects were manually analyzed and classified into a taxonomy
that includes both source-code-like and test-specific categories. The analysis shows that test-
code SATD resembles source-code SATD, while also capturing test-specific concerns absent
from existing taxonomies. Evaluation of existing SATD detection tools and both open-
source and proprietary large language models showed that these approaches are unreliable
for detecting SATD in test code. To understand method-level test-code evolution, reliable
method histories are needed. However, existing method-history generation tools have been
evaluated mainly on production methods and against inaccurate oracles, leaving their relia-
bility for test methods uncertain. To address this, updated and new oracles are constructed,
and HistoryFinder is introduced as a method-history generation tool that achieves the high-
est overall accuracy with competitive runtime and outperforms other research-based tools.
To examine test-production relationships, a test-to-production method-linking ground truth
was constructed and used to evaluate existing linking techniques. Using these links and
method histories, the analysis shows that some test methods are revised more frequently
than their corresponding production methods and that several test-smell types are more
prevalent among highly revision-prone test methods. Overall, this work contributes ground

truths, tools, and empirical evidence for understanding test-code quality and evolution.
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Chapter 1

Introduction

Software maintenance is a continuous and expensive part of the software life cycle. After ini-
tial development, software systems must be corrected, adapted, improved, and extended to
keep them operational, reliable, and aligned with changing requirements, platforms, depen-
dencies, and user expectations [1-4]. This maintenance effort applies not only to production
code but also to test code. Since test code is used to check the correctness of production
code, its own correctness and maintainability are equally important. If tests are incorrect,
outdated, or difficult to maintain, they may fail to detect regressions, report false failures, or
provide developers with misleading confidence. Therefore, test code should not be treated
as a secondary artifact; it deserves research and maintenance attention comparable to pro-
duction code.

To support software maintenance, researchers have developed indicators and tools that
help identify artifacts requiring developer attention, such as source-code metrics, code smells,
change histories, and self-admitted technical debt [5-11]. However, much of this research
has focused mainly on production code. For example, although many studies have examined
self-admitted technical debt in source-code comments, less is known about how developers
admit debt in test code. Similarly, although method-level history research has studied how

production methods evolve, the evolution of test methods remains less understood. At the



same time, prior studies have shown that test code has its own quality and maintenance
concerns, including test smells and cloning [12-16]. Together, these observations motivate a
closer examination of SATD in test code and the evolution of test methods.

This thesis addresses these gaps by studying test-code maintenance from two complemen-
tary perspectives. First, it explores self-admitted technical debt (SATD) in test code, where
developers explicitly record maintenance concerns, shortcuts, workarounds, or future work
in comments. Second, it investigates method-history generation and method-level test-code
evolution, focusing on how individual methods can be tracked accurately across revisions and
how test methods evolve relative to the production methods they exercise. Together, these
two perspectives provide a more detailed understanding of test-code maintenance and help

build stronger empirical foundations for future research on test-code quality and evolution.

1.1 Background and Motivation

1.1.1 Technical Debt

Technical debt refers to suboptimal implementation decisions that may provide short-term
benefits but increase future maintenance costs [17]. A particular form of technical debt
is self-admitted technical debt (SATD), where developers explicitly document debt, short-
cuts, workarounds, or postponed work in code comments [10]. Potdar and Shihab [10] were
among the first to systematically study SATD in open-source projects, and Maldonado and
Shihab [11] later classified SATD comments into categories such as design, requirement, de-
fect, test, and documentation debt. Subsequent studies showed that SATD can persist over
time [18], negatively affect software evolvability [19], and be associated with larger, more
complex, less readable, more change-prone, and more bug-prone methods [20].

Because SATD captures maintenance concerns explicitly written by developers, it has
received considerable research attention. Prior studies have proposed techniques for its

detection [11, 21-27], classification [11, 28-30], mitigation, and longitudinal tracking [31-36].



Researchers have also extended SATD studies to specialized domains, including machine
learning [29, 30], Dockerfiles [37], blockchain projects [38], and Android applications [39].
However, the subject systems and datasets used in most SATD studies have been either
exclusively production code or overwhelmingly dominated by production code. Although
Counsell and Swift [40] examined SATD in both test and production classes, their focus was
the timing of SATD introduction rather than the characterization or detection of SATD in
test code.

Relying on findings from production-code SATD to understand test-code SATD may
lead to incomplete or inaccurate conclusions. Test code differs from production code in
several important ways. Prior studies have shown that test code can contain test-specific
code smells [12, 13|, exhibit a higher prevalence of cloning [15], and contain comments less
frequently than production code [14]. Moreover, developers may devote less attention to
the quality of test code than to production code, which can result in obsolete, difficult-to-
maintain, or low-quality tests [14, 16, 41-44]. These differences point to the possibility that
SATD in test code may have different forms, causes, and detection challenges than SATD in
production code.

Therefore, SATD in test code remains insufficiently understood. It is still unclear whether
SATD in test code follows the same patterns as SATD in production code, whether production-
oriented SATD taxonomies are sufficient for test code, and whether existing SATD detectors
or large language models can reliably identify SATD in test comments. This motivates Chap-
ter 2, which characterizes SATD in test code and evaluates the effectiveness of existing tools

and large language models for detecting it.

1.1.2 Method Evolution

Software evolution histories provide valuable evidence for understanding how software sys-
tems change over time. Practitioners use code histories for provenance analysis, traceabil-

ity, code comprehension, onboarding, code review, and expert identification [45], while re-



searchers use them for bug prediction, change prediction, clone management, technical debt
analysis, authorship attribution, and maintenance effort estimation [7-9, 20, 46-49]. Version
control systems support file-level analysis by recording which files change across commits,
but they do not directly capture the histories of individual methods. Method-level evolution
must therefore be reconstructed from file-level revisions.

One objective of this thesis is to understand how individual test methods evolve and how
their evolution relates to the production methods they exercise. Addressing this objective re-
quires reliable test-method histories. However, prior studies of production—test co-evolution
have often lacked validated test-method histories and have therefore relied on custom heuris-
tics or extensive manual inspection [50-57]. Several research tools have been developed to
reconstruct method histories from Git repositories. For example, Historage [58] and Finer-
Git [59] restructure repositories to support method-level analysis, whereas CodeShovel [45]
and CodeTracker [60] reconstruct method histories on demand. Despite the availability of
these tools, two important limitations remain. First, existing evaluation oracles may con-
tain inaccuracies. Second, because method-history tools have been evaluated against these
potentially inaccurate oracles, their reported accuracy may also be unreliable. Therefore,
before studying test-method evolution, Chapter 3 validates existing method-history oracles,
constructs new validated histories, reevaluates method-history tools using the corrected or-
acles, and introduces HistoryFinder to improve method-history accuracy while maintaining
competitive runtime.

Since these tools have been evaluated mainly on production-code methods, their effective-
ness must be assessed separately using validated test-method histories before they are applied
to studies of test-code evolution. In addition, examining how test methods evolve in relation
to the production methods they exercise requires identifying the corresponding production
methods and comparing the histories of the linked test and production methods. Existing
production-to-test mapping techniques employ both static and dynamic approaches [61-64],

but they have often been evaluated using limited ground truth from a small number of



projects and may involve substantial precision—recall trade-offs. These limitations motivate
evaluating production-to-test mapping approaches before combining them with validated
test-method histories to study production-test method evolution.

Taken together, these limitations reveal three main research gaps. First, existing SATD
research provides limited evidence about how developers admit technical debt in test code.
Second, method-level history generation still suffers from oracle and tooling limitations.
Third, test-code evolution has not been sufficiently studied using validated test method
oracles and method-level production-to-test links. Without these foundations, it is difficult
to determine whether test methods mainly evolve in response to production code or due
to their own maintenance concerns. This thesis focuses on open-source Java systems and
uses method-level analysis as the primary granularity because methods are small enough to
capture fine-grained maintenance behavior but large enough to represent meaningful units

of developer work.

1.2 Thesis Contributions

This thesis makes three main contributions, presented in Chapters 2, 3, and 4. The first
contribution corresponds to Chapter 2, which examines self-admitted technical debt in test
code. The second and third contributions correspond to Chapters 3 and 4, which first
establish accurate method-history generation support and then use that support to examine

method-level test-code evolution.

1.2.1 Self~-Admitted Technical Debt in Test Code

The first contribution is a large-scale empirical study of SATD in test code. Chapter 2
manually analyzes 50,000 test-code comments sampled from 1.6 million comments across
1,000 open-source Java projects. SATD comments in test code are identified, classified

into a taxonomy that includes test-specific categories, and used to evaluate existing SATD



detection tools as well as open-source and proprietary large language models.

The results show that test-code SATD has characteristics that are not fully captured
by production-code SATD taxonomies or detectors. Existing SATD approaches show low
recall, while the evaluated large language models struggle to provide reliable precision-recall
trade-offs for this task. This contribution provides a manually curated dataset, a test-code
SATD taxonomy, and empirical evidence that can support future research on test-aware

SATD detection and classification.

1.2.2 Accurate Method History Generation

The second contribution is a methodological foundation for accurate method-level evolution
research. Chapter 3 constructs systematically developed method-history oracles using a
semi-automated process that combines multiple state-of-the-art tools with expert manual
validation. It also introduces HistoryFinder, a method-level history generation tool designed
to improve accuracy while maintaining competitive runtime performance.

The evaluation shows that HistoryFinder provides a strong overall balance of precision,
recall, F'1 score, and runtime among the evaluated research tools. This contribution improves
both the benchmark data and the tool support needed for method-level maintenance research

on change-proneness, bug-proneness, technical debt, and test-code evolution.

1.2.3 Test Method Evolution

The third contribution is a method-level empirical study of test-code evolution. Chapter 4
first evaluates whether state-of-the-art method-history tools can accurately track test method
histories using a manually constructed oracle. It then evaluates method-level production-
to-test mapping approaches utilizing existing benchmarks and a newly constructed oracle.
Using the most suitable history-tracking and mapping approaches, the revision frequencies of
test methods and their corresponding production methods are compared, and the association

between test smells and highly revised test methods is examined.



The results challenge the common assumption that test code primarily changes in re-
sponse to production code. A substantial portion of test methods undergo as many or
more revisions than their corresponding production methods, and highly revised small test
methods show stronger associations with test smells. This contribution provides a more
precise empirical basis for future research on test maintenance, regression testing, obsolete
test detection, and test smell management.

Overall, this thesis makes the following contributions:

e It provides a manually curated dataset and taxonomy of SATD in test code and eval-
uates the ability of existing SATD tools and large language models to detect test-code
SATD.

e [t constructs reliable method-level history oracles and introduces HistoryFinder, a

method-history generation tool with strong accuracy and competitive runtime.

e [t evaluates method-history tools on test methods and assesses method-level production-
to-test mapping techniques using existing benchmarks and a newly constructed bench-

mark.

e [t presents a method-level empirical study showing how test methods evolve relative to
the production methods they exercise and how test smells are associated with highly

revised test methods.

1.3 Thesis Organization

The remainder of this thesis is organized into two parts after this introductory chapter.
Part I, Self-Admitted Technical Debt in Test Code, contains Chapter 2, which examines
how developers admit technical debt in test code and how effectively such debt can be

detected. The chapter describes the collection and manual analysis of test-code comments,



develops a taxonomy of test-code SATD, and evaluates existing SATD detectors and large
language models for identifying SATD in test comments.

Part II, Method-History Generation and Test Method Evolution, contains Chapters 3
and 4. This part develops the methodological support needed for method-level evolution
research and then applies that support to study test methods. Chapter 3 discusses limita-
tions in existing method-history oracles, describes the construction of new oracles, introduces
HistoryFinder, and evaluates method-history tools. Chapter 4 then presents the study of
method-level test-code evolution by evaluating method-history tools on test methods, eval-
uating production-to-test method linking approaches, comparing the revision frequencies of
test and production methods, and analyzing the association between test smells and highly
revised test methods.

Chapter 5 concludes the thesis by summarizing the findings from both parts, discussing
their implications for test-code maintenance research, and outlining directions for future

work.
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Code



Chapter 2

Self-Admitted Technical Debt in Test

Code: Taxonomy and Detection

This chapter contributes to the first part of this thesis, which examines technical debt in test
code. It focuses on self-admitted technical debt (SATD), a form of technical debt explicitly
documented by developers in source-code comments. In the context of test code, these
comments capture maintenance concerns such as incomplete tests, postponed improvements,
limitations, workarounds, and known quality issues. This chapter investigates how SATD
appears in test code, develops a taxonomy of test-code SATD, and evaluates whether existing
SATD detection techniques can effectively identify such debt.

This chapter is based on the following manuscript:

e S. Islam, M. N. I. Opu, S. Wang, and S. Chowdhury, “A First Look at the Self-Admitted
Technical Debt in Test Code: Taxonomy and Detection,” manuscript under revision

at The Journal of Systems & Software, 2026.
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Abstract

Self-admitted technical debt (SATD) refers to comments in which developers explicitly ac-
knowledge code issues, workarounds, or suboptimal solutions. SATD is known to signifi-
cantly increase software maintenance effort. While extensive research has examined SATD
in source code, its presence and impact in test code have received no focused attention,
leaving a significant gap in understanding how SATD manifests in testing contexts.

SATD in test code is investigated by manually analyzing 50,000 comments randomly
sampled from 1.6 million comments across 1,000 open-source Java projects. From this sam-
ple, after manual analysis and filtering, 615 SATD comments were identified and classified
into 12 distinct categories, building a taxonomy of test code SATD. To investigate whether
test code SATD can be detected automatically, existing SATD detection tools, as well as
both open-source and proprietary LLMs, are evaluated. Among the existing tools, MAT
performed the best, albeit with moderate recall. Both open-source and proprietary LLMs
exhibited poor detection accuracy, primarily due to low precision. These results indicate
that neither existing approaches nor current LLMs can reliably detect SATD in test code.

Overall, these results provide a large-scale analysis of SATD in test code, a nuanced
understanding of its types, and the limitations of current SATD detection methods. The

findings lay the groundwork for future research on test code-specific SATD.
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2.1 Introduction

Software maintenance keeps applications reliable and adaptable as they evolve. It involves
continuous updates to fix bugs, improve performance, and meet user needs, often demanding
more effort than initial development [1, 2]. As such, to reduce future maintenance burden,
researchers have developed methods to identify and manage code components that are more
maintenance prone [5, 7, 8, 45, 65-67]. Previous research on software maintenance, how-
ever, has predominantly focused on production code (i.e., source code), with significantly
less attention given to test code [68, 69]. This oversight is significant, as the quality and
maintainability of test code also play a crucial role in overall software quality and long-term
maintainability [16, 43, 70].

Consider the case of Self-Admitted Technical Debt (SATD) [10, 17, 19, 71-75], where
developers explicitly acknowledge the need for improvement or rework through comments
in the source code. SATD has been widely recognized as a factor that negatively impacts
software maintainability. For example, a recent study by Chowdhury et al. [20] found that
source code methods containing SATD not only exhibit lower code quality, but are also
more change-prone and bug-prone than their non-SATD counterparts. Not surprisingly,
considerable research has focused on detecting [11, 21-27], classifying [11, 28-30], and miti-
gating SATD [31-36]. Unfortunately, the subject samples in these studies have been either
exclusively source code or overwhelmingly dominated by it.

Relying on findings about SATD in source code to understand SATD in test code may lead
to inaccurate conclusions. This is because test code often exhibits characteristics that differ
significantly from those of production code. For instance, test code tends to contain test-
specific code smells [12, 13], a higher prevalence of code cloning [15], and a lower frequency
of comments [14]. Moreover, developers typically devote less attention to the quality of
test code than to production code, which can result in a range of quality issues within test
suites [14, 16, 41-44]. These differences highlight the need to study SATD in the test code

independently. Motivated by this gap, the study focuses specifically on the detection and
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classification of SATD in test code.

To study test code SATD, over 1.6 million test code comments from 1,000 open-source
Java projects were used. From this corpus, 50,000 comments were randomly sampled for
manual labeling. The performance of existing SATD detection tools on test code comments
was evaluated, and the effectiveness of Large Language Models (LLMs) for automated SATD
detection was investigated. In general, the contribution of this chapter is founded on four
research questions.

RQ1: What are the different types of SATD in test code?

After manually analyzing 50,000 comments and applying a filtering approach, 615 SATD
comments were identified and classified into 12 distinct categories. While some of these cat-
egories—such as code debt and design debt—are consistent with those previously identified
in source code SATD [11], four categories are unique to test code. An example is the limited
test category, which captures SATD specific to incomplete or low-value test validation.

RQ2: Can existing SATD detection tools detect test code SATD?

Test code comments exhibit patterns and intentions that differ from those found in source
code. As a result, the performance of the existing SATD detection tools remains unknown.
Seven existing approaches are evaluated: pattern-based approach by Potdar et al. [10], Nat-
ural Language Processing (NLP)-based approach by Maldonado et al. [25], Text Mining
(TM)-based approaches by Huang et al. [22] and Liu et al. [21] (SATD Detector), Matches
task Annotation Tags (MAT)-based approach by Guo et al. [76], a multi-task learning model
based on BERT proposed by Gu et al. [77], and DebtHunter by Sala et al. [78]. The results
show that the MAT-based approach exhibits the best performance (0.75 F1-score), but with
moderate recall.

RQ3: Can open-source LLMs detect SATD in test code?

Since SATD comments are written in natural language, LLMs may be better suited
to detect them, particularly when comments lack recurring SATD keywords. Encouraged

by Sheikhaei et al. [24], the Flan-T5 series (Small to XXL) was evaluated under 0 to 4-
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shot settings using five different prompts. Results show that open-source LLMs struggle
to reliably detect SATD in test code. While the best Fl-scores reached 0.68 under MAT
keywords suggested prompt, the recall was only 0.52.

RQ4: Can proprietary LLMs detect SATD in test code?

As proprietary LLMs can outperform open-source models in many scenarios [79], two
proprietary families—Gemini and GPT—were evaluated under few-shot settings of 0, 2, and
4 shots. Interestingly, in contrast to the open-source LLMs, the tested proprietary LLMs
exhibited very high recall but very low precision.

In summary, a taxonomy of test code SATD categories is developed, revealing diverse
maintenance issues. Additionally, the results show that traditional tools, although they do
not exhibit very good performance on test code SATD detection, perform better than both
open-source and proprietary LLMs. These findings highlight the need for test-aware SATD
detection methods that can improve both precision and recall.

To facilitate replication and extension, the dataset developed here is shared publicly.!
This dataset can work as a benchmark for evaluating the accuracy of future detection and
classification models and tools.

The remainder of this chapter is organized as follows. Section 2.2 discusses related work
on SATD. Section 2.3 describes the data collection and manual SATD labeling process.
Section 2.4 presents manual SATD classification, detection approaches, and the results for
all research questions. Section 2.5 discusses the implications of the findings, while Section 2.6
outlines threats to validity. Finally, Section 2.7 concludes the chapter and highlights future

directions.

2.2 Related Work

Software quality and maintainability have been extensively studied by the research commu-

nity, covering a wide range of topics such as code quality metrics [80-82], change-proneness [5,

https://github.com/SQMLab/technical-debt
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65, 83], bug-proneness [7, 8, 84], code readability [85, 86], and code understandability [87],
among others. Due to its relevance to software quality and maintainability, a different stream
of research has focused on SATD detection, classification, and its long-term maintenance im-
pact.

Potdar and Shihab [10] were the first to systematically study SATD in four large open-
source projects, without differentiating between production and test code. They found SATD
in 2.4-31.0% of project files and investigated the reasons for its introduction and its removal
frequency. Bavota and Russo [18] replicated the study of Potdar and Shihab, but by analyz-
ing a large number of projects (159). They found that SATD comments tend to increase over
time and persist for long periods. Chowdhury et al. [20] conducted a large-scale method-
level analysis of 774,051 methods across 49 open-source projects, revealing that methods
with SATD are larger, more complex, less readable, and more prone to bugs and frequent
changes. Similarly, Wehaibi et al. [19] analyzed five major open-source systems and found
that technical debt negatively affects software evolvability, making future changes more dif-
ficult. Collectively, these studies underscore the negative impact of SATD on long-term
software health, highlighting the importance of its classification and detection.

The detection of SATD has been explored extensively through both manual and au-
tomated approaches. Potdar and Shihab [10] identified 62 frequent keywords showing their
potential in SATD detection. Various automated techniques have been proposed as well. Guo
et al. [76] introduced the Matches task Annotation Tags (MAT) method, which achieves per-
formance comparable to NLP-based approaches [25]. Huang et al. [22] applied text mining
to extract features, performed feature selection, and trained a composite classifier for SATD
detection. More recently, large language models (LLMs) [24, 77, 88] have been employed,
outperforming traditional methods for detecting SATD in application code.

To better conceptualize technical debt, Alves et al. [89] proposed an ontology synthe-
sizing definitions and indicators scattered across the literature, categorizing technical debt

into 13 types (e.g., architecture, build, code, test). Building on this foundation, Maldonado
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and Shihab [11] manually reviewed 33,093 heuristically filtered source code comments from
five Java projects and identified 2,457 SATD comments, which they classified into five cat-
egories: design, requirement, defect, test, and documentation. Maldonado et al. [25] later
extended this study to additional projects and applied natural language processing (NLP)
techniques for classification. Their dataset has been used by subsequent studies on auto-
mated SATD detection and classification [24, 76, 77, 90-92]. Recent work has expanded
SATD research into new domains beyond traditional software projects. OBrien et al. [29]
categorized SATD comments in machine learning code into 23 distinct types, while Bhatia
et al. [30] extended Bavota et al.’s [18] taxonomy by adding new machine-learning-specific
categories and subcategories to classify SATD in machine learning software. Liu et al. [93]
examined seven popular open-source deep learning frameworks to assess SATD prevalence
and categories. Pinna et al. [38] found that SATD in blockchain projects is more prevalent
than in non-blockchain systems. Azuma et al. [37] manually classified SATD comments in
Dockerfiles, identifying five main classes—including Docker-specific categories—to capture
domain-specific debt. Similarly, Wilder et al. [39] analyzed 15,614 open-source Android
applications and found that code debt is the most prevalent type.

Although a study by Counsell and Swift [40] examined SATD in test code in addition to
source code, their focus was on understanding whether the time of day is related to writing
SATD, rather than on identifying patterns of test code SATD or supporting their detection.
During the course of this chapter, a parallel publication by Nakamura et al. [94], which also
investigated SATD in test code, became available. However, the analysis presented here

differs substantially from theirs in several important aspects, as outlined below.

e To identify test-code SATD, 50,000 code comments are manually examined. In con-
trast, Nakamura et al. relied on an existing SATD detection tool, DebHunter, which
was not specifically designed or trained to detect SATD in test code. The evaluation
of DebHunter on test-code SATD detection revealed low accuracy (RQ2). As such,

using DebHunter to construct ground-truth datasets, as done in [94], may have in-
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troduced inaccuracies into the identified SATD instances and affected the reliability of

the resulting analysis.

While constructing their taxonomy of test-code SATD, Nakamura et al. did not at-
tempt to align their findings with existing SATD taxonomies. Such comparisons are
important because they help determine how newly identified categories differ from or
extend established ones, and this practice is commonly followed in software engineering
research. For example, in their work, “Why Attention Fails: A Taxonomy of Faults in
Attention-Based Neural Networks”, Jahan et al. [95] introduced new categories only
when the identified issues could not be adequately mapped to an existing deep-learning
bug taxonomy. Similarly, each SATD instance was first mapped to the existing source-
code SATD taxonomy, and new categories were introduced only when the comments
could not be appropriately classified within the existing structure. Without such an
analysis, it remains unclear whether a separate taxonomy for test-code SATD is nec-
essary or whether existing SATD taxonomies are already sufficient to capture these

instances.

The problem of identifying whether a comment constitutes SATD should be addressed
before attempting to classify it into specific SATD categories. If SATD comments can-
not be reliably distinguished from non-SATD comments, then classifying their types
becomes considerably less meaningful. However, Nakamura et al. focused on the mul-
ticlass classification task (i.e., predicting SATD categories) without first addressing the
more fundamental binary classification task of distinguishing SATD from non-SATD
comments. This concern is particularly significant because the results reported here
show that existing SATD detection tools, as well as both open-source and proprietary
LLMs, struggle to accurately identify SATD in test code. These findings suggest that
reliable test code SATD detection remains an open challenge and should be established

before pursuing prediction of SATD classes.
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e In addition to evaluating a wide range of open-source and proprietary LLMs, state-of-
the-art SATD detection tools are also evaluated. This comparison is motivated by the
practical consideration that LLM-based solutions can be computationally expensive,
and therefore should ideally be used only if simpler approaches do not provide sufficient

performance.

Motivation: While numerous studies have examined different aspects of test code
maintenance [16, 41-44, 96], investigating the detection and classification of SATD in
test code remains underexplored. Motivated by this gap, an empirical analysis of test

code SATD is conducted to explore its types and detection.

& 50K manually Y % 615 SATD

© 1K GitHub X [®) 1.6 millions test b
Trending Java Projects | extract code comments randomly

analyzed comments | filter comments
comments select and analyze RQ1
@ | automated detection &

ymanually classify

RQ2 RQ3 RQ4 [I'_" 12 types of SATD}
Y Y

&b Detect with & Detect with
open-source LLMs || proprietary LLMs

Y

Q Detect with
existing tool

Figure 2.1: Workflow for collecting, sampling, analyzing, classifying test code comments
(RQ1), and evaluating automated SATD detection using existing tools (RQ2), open-source
LLMs (RQ3), and proprietary LLMs (RQ4).

2.3 Methodology

Figure 2.1 presents a high-level overview of the methodology, outlining the key stages involved
in data collection, comment extraction, manual labeling, and SATD detection using both
traditional and LLM-based approaches. It also clarifies how each branch maps to the research

questions: manual taxonomy construction in RQ1 and automated detection pipelines in

RQ2 RQ4.
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2.3.1 Project Selection

The data collection aimed to gather comments from a diverse range of projects to avoid
relying on a limited set of contributors, which could hinder the generalizability of the obser-
vations. Such generalizability is essential for developing a benchmark dataset, as selecting
SATD from only a few projects would be strongly influenced by the commenting styles of a
small number of individuals. This, in turn, would hinder the meaningful evaluation of cur-
rent and future SATD detection tools. While selecting a large number of projects, however,
it was important to ensure that the collected comments were not predominantly drawn from
low-quality projects (e.g., toy projects) [97]. Therefore, GitHub’s trending project list was
used, ranked by the number of stars retrieved via the GitHub API. Although Borges et al. [98]
showed that star counts do not always correspond to sustained engagement or project qual-
ity, they also found that many practitioners continue to consider star counts before adopting
a tool in their projects. Nevertheless, the potential negative impact of star-based project
selection was mitigated by including another popularity indicator—projects with fewer than
100 forks were not included. In addition, 100 projects were randomly analyzed, and the
selected repositories were found to be well-maintained.

At the end, 1,000 Java-based repositories were selected that were more likely to contain
meaningful discussions and development practices relevant to SATD detection in test code.
The focus was limited to a single programming language due to reliance on a parser for
comment extraction—supporting multiple programming languages would require multiple
parsers. Also, since the focus is on test code only, techniques were needed to exclude pro-
duction code files (described in Section 2.3.2), which would have been more challenging if
applied across multiple programming languages. The selected projects cover a wide range
of software types, including libraries, frameworks, applications, and middleware. Figure 2.2
shows the distribution of stars, forks, watchers, commits, and extracted test code comment

counts across these projects.
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Figure 2.2: Distribution of stars, forks, watchers, commits, and the number of extracted test
code comments across the selected projects.

2.3.2 Comment Parsing

The source code of each project was first retrieved from GitHub with an automated script.
Since only test code is considered, it is necessary to distinguish comments in production
code from those in test code. To identify test code, two heuristics were used. First, as is
common in Java projects using Maven, Gradle, or Ant build systems, test code files and
packages are typically placed under the src/test/java directory. Therefore, all Java files
within this directory were treated as test code. Second, for files located outside the standard
test directory, the presence of unit test annotations (e.g., @QTest, @Before) from well-known
unit testing frameworks such as JUnit, Mockito, and TestNG was checked.

For code parsing, JavaParser? was used to extract all associated comments—including
block, line, and Javadoc types—along with their start and end line numbers. To preserve
the continuity of comments, consecutive single-line comments were concatenated. This is
important because developers often use multiple single-line comments to document a sin-
gle concept, and failing to merge them would result in fragmented sentences and a loss of
contextual meaning. As a result, the raw number of extracted comments does not directly
correspond to the number of semantically distinct comments. After merging consecutive
single-line comments, a total of 1,653,658 test code comments were obtained and stored in

a relational database to enable efficient downstream processing. Among the 1,000 analyzed

2https://github.com /javaparser/javaparser last accessed: Oct 01, 2025
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projects, 45 contained a substantial number of comments, each exceeding 10,000. An addi-
tional 140 projects had between 1,000 and 10,000 comments, while 497 projects had fewer

than 1,000 comments. The remaining 318 projects contained no test code comments at all.

2.3.3 Dataset Creation

Since manually reviewing more than 1.6 million test comments to identify SATD comments
will be extremely time-consuming, 50,000 comments were randomly selected. Similar to the
original SATD study [10], the first author, a graduate student with 10+ years of industry
experience as a lead software engineer, checked how many of these comments are SATD,
making two classes of comments: SATD and non-SATD. This process required approxi-
mately 165 hours to complete. To assess labeling reliability, an independent double-check
was conducted using a statistically grounded sample targeting a 95% confidence level. The
first author provided the second author with 619 randomly selected comments, obtained
through stratified sampling across the two classes (237 SATD and 382 non-SATD). The sec-
ond author, another graduate student with 2+ years of industry experience as a software
engineer, independently labeled these 619 samples. The Cohen’s kappa coefficient [99] was
0.95, implying an almost perfect [100] inter-rater agreement score and the reliability of the
dataset labeling.

The manual review identified 1,024 SATD comments. However, among these 1,024 SATD
comments, a striking 409 originated from a single project, OpenAPI Generator, accounting
for approximately 38% of that project’s comments. Upon closer inspection, this repository
was found to contain hundreds of autogenerated Java client samples (e.g., OkHttp, Retrofit)
with templated SATD comments following the pattern TODO. Because this project dispro-
portionately skewed the overall distribution of SATD across projects, including its comments
would have hindered the generalizability of the benchmark dataset. For example, the tax-
onomy of SATD developed here (RQ1) would be affected, and any evaluation of SATD

detection tools would be biased. Consequently, all 1,063 comments from this project were
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excluded from the experimental dataset. Then, 943 non-English comments were removed.
The refined dataset ultimately comprises 47,994 comments from 488 distinct projects, of
which 615 (1.28%) are classified as SATD, originating from 146 projects.

The filtered dataset of 47,994 comments also contains 15,439 duplicate comments—
unsurprising given practitioners often use similar keywords to indicate SATD [10]. Therefore,
a second dataset was created by applying deduplication. This allows the model’s ability to
make predictions on completely unseen comments to be evaluated more directly. Thus, the
original dataset (the duplicate set) preserves the natural distribution of comments as found
in the projects, while the latter dataset allows detection effectiveness to be evaluated without
the risk of any data leakage. Clearly, and unsurprisingly, the dataset is highly imbalanced,
with SATD instances comprising only 1.28% of the total data. As shown later, this severe
imbalance makes accurate detection particularly challenging.

Some evaluations in RQ2 involve retraining the existing tools. As such, the dataset
was divided into 80% training and 20% testing. To prevent data leakage, each project was
kept exclusively in either the training or testing set, while also maintaining the proportional
distribution of SATD and non-SATD comments across both sets—i.e., 20% of all SATD
should be in the test, and the rest in the train dataset. To do so, the test set was constructed
by randomly selecting one project at a time, measuring the distributions until approximately
20% of the total SATD and 20% of total non-SATD comments were included. The remaining
comments formed the training set. Because of project-wise selection, the split between
training and testing was not always exactly 80/20, but it was very close. The details of
these datasets are shown in Table 2.1. In addition, for RQ2, 5-fold cross-validation with
stratified group-based splitting at the project level was applied. This approach prevents
data leakage [7, 8] by ensuring that all samples from the same project remain within the

same fold; thus, a project included in the training set cannot appear in the test set.
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Table 2.1: Training and testing datasets. Percentages in parentheses indicate the proportion
within the corresponding datasets. Please note that, to enable fair comparisons across all
tools and approaches, all accuracy metrics in all RQs were reported using only the test
dataset.

e s non-SATD SATD Overall .
Distribution Dataset Comments (%) Comments (%) Comments (%) SATD % Projects (%)
Original Train 38,380 (80.0) 37,902 ( 80.0) 478 (77.7) 1.2 382 (78.3)
Original Test 9,614 (20.0) 9,477 ( 20.0) 137 (22.3) 1.4 108 (22.1)
Deduplicate  Train 26,024 (79.9) 25,621 ( 80.0) 403 (78.1) 15 368 (79.0)
Deduplicate ~ Test 6,531 (20.1) 6,418 ( 20.0) 113 (21.9) 1.7 98 (21.0)

2.3.4 Evaluation Metrics

To evaluate SATD detection for RQ2-RQ4, Precision, Recall, and F1-score were used fol-
lowing prior SATD research [25, 76, 77, 101, 102]. Additionally, because SATD comments
comprise only 1.28% of the dataset, Matthews Correlation Coefficient (MCC) is also re-
ported, which is more informative for highly imbalanced classification settings. The metrics
are calculated as follows.

TP TP

Precision = TP+ FP and Recall = TP FN

2 x Precision x Recall
Fl-score =

Precision + Recall

(TP x TN) — (FP x FN)
/(TP + FP)(TP+ FN)(TN + FP)(TN + FN)

MCC =

Here, T'P denotes true positives, T'N true negatives, F'P false positives, and F'N false

negatives.

2.4 Approach and Results

This section discusses the approach and results of each RQ.
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2.4.1 RQ1l: What are the different types of SATD in test code?

Motivation. A categorization of SATD will provide a high-level understanding of the types
of challenges developers encounter when writing and maintaining tests. This can help reveal
which issues are most prevalent or critical in test code, and thus could be prioritized for
maintenance and quality improvement efforts. We hypothesize that these categories may
differ from those observed in source code, reflecting the unique role and structure of tests
within the software development process.

Approach. Manually categorizing SATD comments at a granular level is challenging for
several reasons. (i) Prior classifications sometimes distribute the same phenomenon across
multiple categories. For instance, Alves et al. [89] classify duplicated code as both code
debt and design debt, creating ambiguity during assignment. (ii) Certain comments can en-
compass more than one category. For example, the comment, // TODO: tweak the tests
when FLINK-13604 is fixed, simultaneously reflects a dependent defect (awaiting a bug
fix) and a requirement (a need to revise the tests). In other cases, interpretation may be sub-
jective, such as with // An unlikely exception | if this occurs, we can’t proceed
with the test, which could reasonably be considered either a defect or a superficial test.
(iii) Many SATD comments are terse or lack context (e.g., a standalone TODO), making it diffi-
cult to infer the underlying issue without examining surrounding code. (iv). Some comments
describe scenarios or concerns not captured by current taxonomies, necessitating extensions
to the existing classification scheme. For example, consider the comment // Probably
incorrect - comparing Object[] arrays with Arrays.equals. This comment cannot
be confidently classified as defect debt, nor does it closely align with other existing cate-
gories, since the developer expresses uncertainty about whether the issue is truly a defect.
Given these challenges—including subjectivity, overlapping categories, and ambiguous con-
tent—the categorization of the 615 SATD comments followed established guidelines [18, 89
and joint classification sessions to reach consensus on ambiguous cases. The goal was to

preserve diverse categories rather than merge multiple types into broader labels, ensuring
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subtle distinctions in SATD were captured.

Initially, the first, second, and last author jointly conducted three online meetings to
examine each comment one by one, assessing the nature of the technical debt they repre-
sented. This process followed the guidelines proposed by Alves et al. [89], and Bavota and
Russo [18], assigning each comment to a specific category based on its characteristics. For
each comment, the existing categories from [18, 89] were considered first. If a comment
did not fit any existing category, a new category was created to reflect its unique charac-
teristics. The first 200 comments were classified collaboratively by the three authors during
those three meetings. However, by the time the first 142 comments had been reviewed, 12
distinct categories had emerged, and no new category was found after reviewing the remain-
ing 58 samples, possibly indicating that a saturation point was reached. The remaining
415 comments were then categorized by the first author independently. In addition to 10+
years of industry experience, this author was also successful in manual labeling in recent

times [103, 104].

SATD in test code

(615)
| Prressresnessnnassnn s e
v ¥ ¥ Y ¥ v
Code debt Defect debt Documentation | | Design debt Build debt Other debt
(115) (90) debt (20) (16) (5) (225)

Workaround Low internal quality Uncertainty ip test Limited test
(66) (49) (69) (26)

Figure 2.3: Manual categorization of the 615 self-admitted technical debt instances in test
code. The categories shown within the dotted red boundary contain SATDs that did not
align with any of the existing categories found in the source-code SATD taxonomies compared
against. Because some SATD comments were assigned to more than one type, the count
shown in a parent node is not necessarily the sum of the counts shown in its descendant
nodes.

Results. Figure 2.3 presents the complete hierarchy of these categories and their cor-
responding sub-categories found in the test code. Four new groups of technical debt were

identified, each with unique characteristics, and shown under Test. The number of instances
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identified in each category is also shown within the respective rectangles. Each example pre-
sented in this section is traceable to its original source file, with corresponding links available
in the replication package.?

Code debt (115): “Problems found in the source code which can negatively affect the
legibility of the code, making it more difficult to be maintained” [89]. Two sub-categories
of this type of technical debt were identified. The first sub-category, workaround, describes
intentionally written suboptimal temporary fixes that are justified by the need to meet spe-
cific functional or non-functional requirements, often representing a trade-off between code
quality and project goals [18]. Representative examples of this sub-category are provided

below:

e //hacky workaround using the toString method to avoid mocking the Ruby runtime

e // This is an utter hack but is the only way I could

// this is just a temporary thing but it’s easier to change if it is encapsulated.

// Yes, a static variable is a hack.

// This should use System.getProperty(”os.name”) in a real test.

The second sub-category, low internal quality, refers to deficiencies in the source code,
such as poor readability, misuse of programming constructs, or unnecessary complexity [18].

Instance of low internal quality are:

// TODO(sdh): Print a better name (https://github.com/google/closure-compiler/issues/2982)

// RandomIndexWriter is too slow here:

// TODO: b/359688989 - clean this up

/ /0000000 this is so ugly

Defect debt (90): “Defect debt consists of known defects, usually identified by testing

activities or by the user and reported on bug track systems, that the CCB agrees should be

Shttps://github.com/SQMLab/technical-debt/blob/main/data/satd_comment_example.csv
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fixed, but due to competing priorities, and limited resources have to be deferred to a later
time” [89]. Known, unfixed or partially fixed defects were identified, totaling 90 instances.

Some examples include:

e // known bug: time argument is unsigned 32bit in graphics library
e // TODO(b/189535612): this is a bug!
e //FIXME: fix flaky test

e // This test doesn’t work on midnight, January 1, 1970 UTC

Uncertainty (69): Stems from uncertainty or a lack of clarity regarding how to im-
plement, test, or resolve an issue. This type of debt is often marked by open questions,
speculative reasoning, or lack of understanding of the expected behavior. Illustrative exam-

ples are as follows:

e // Probably incorrect - comparing Object[] arrays with Arrays.equals
e // 1 don’t think doing this will be safe in parallel

e // TODO: figure out why I need these

e // TODO: Is it correct?

e // TODO: This is current behavior, but is it what we want?

On-hold (47): Refers to cases where the test code relies on external components, such as
libraries, APIs, or services, that hinder test execution due to incomplete support or limited
functionality. Although in a different context, these types of dependency-induced SATD

were also observed by Maipradit et al. [105]. A selection of examples is given below:

o /** * Setting file last access time does not work on JDK-20 on macOS with the hfs file

system, * issue JDK-8298187. */

e // NO list support in JDOQL

// testData.list Tests(store.products, otherStore.products, p);
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e // C2ID doesn’t have a non JS login page :/, so use their API directly // see https://connect2id.com/p
docs/guides/login-page
e // mostly waiting for https://github.com /testcontainers/testcontainers-java/issues/3537

Skip test (39): Arises when certain tests are skipped or explicitly disabled, often due

to environmental limitations or unresolved issues. A few examples are:

e /** * TODO: enable when window is supported. */

// Skip, zstd only supported for Avro 1.9+

// Ignore the following tests because taking a lease requires a real // (not mock) file

system store. These tests don’t work on the mock.

// Testcase is disabled, as kernel32 ordinal values are not stable. // a library with a

stable function j-; ordinal value is needed.

// CLDR No Longer uses complex currency symbols. // Skipping this test.

Limited test (26): Refers to cases where tests provide incomplete or low-value valida-
tion, limiting their ability to establish confidence in the behavior under test. Limited tests
appeared in two forms. In the first form, only a small, representative portion of the input
space is tested, usually for the sake of time efficiency or resource constraints. Examples of

this form are:

// This only tests for calendar ordering, ignoring the other criteria

// Not testing average length and min/max, as this would make the test less reusable

and is not that important to test.

// we do not check if the offset is in the middle of a code point

// FIXME: this test do not cover breaking remark into multiple lines

// Theoretically, the HLL algorithm can count very large cardinality with little relative

error rate, // which is less than 2% in Doris. We cost about 5 minutes to test with
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one billion input numbers here // successfully, but in order to shorten the test time,

we chose one million numbers.

In the second form, tests exercise code without meaningfully validating its functional
correctness. In other words, this is testing for the sake of testing. Examples of this form

include:

e // TODO: these tests are too simple since they only replace undefined components

e /** * Sort of a dummy test, as the conditions are perfect. In a more realistic scenario,

below, the algorithm needs luck to climb this high. */
e // kinda sorta wrong, but for testing’s sake...

e // doesn’t make much sense in the context of a list...

Documentation debt (20): “Refers to the problems found in software project documen-
tation and can be identified by looking for missing, inadequate, or incomplete documentation
of any type” [89]. 20 instances of documentation debt were present. Several examples are

presented below:

e /*** No Documentation */

// no JavaDoc

// TODO: add support for non-existing docs

/** * todo: describe ChildInfo * * @author Steve Ebersole */

/** * todo: describe Parent * * @author Steve Ebersole */

Design debt (16): “Refers to debt that can be discovered by analyzing the source code
by identifying the use of practices which violated the principles of good object-oriented design
(e.g. very large or tightly coupled classes)” [89]. 16 instances of design-related technical debt

were identified, with representative examples shown below:

e // TODO b/300201845 - encapsulate parents and childs private attributes
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e // TODO(b/123102446): We really like to collapse some of these chained assignments.
e // TODO move to core
e // Todo: Move this test to SegmentReplicationIndexShardTests so that it runs for
both node-node & remote store
o /F
* An implementation of @code OutputStream that should serve as the
* underlying stream for classes to be tested.

* In particular this implementation allows to have IOExecptions thrown on demand.

* For simplicity of use and understanding all fields are public.
*/
Build debt (5): “Refers to build related issues that make this task harder, and more

time/processing consuming unnecessarily” [89]. 5 instances of build-related technical debt

were identified. Instances of build debt are as follows:

e //Could fail if CI is to slow and will slow down the CI build; test local
e // Continuous build environment doesn’t support non-blocking IO.
e // see [GEOS-7835] WPS execution time limits test randomly breaks builds

e // Find the async-reset webapp based on common IDE working directories // TODO

import webapp as maven artifact

Other debt (225): This is the most generic form of SATD, and, in general, an SATD
was labelled as other only if it did not fit with any other specific type. A total of 225 instances
of other debt were identified, with approximately 77% of them beginning with the TODO
marker—a pattern that is not very common in other categories. Representative examples of

other debt are shown below:

e // TODO this test needs a lot of work

e // TODO implement
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e // TODO implement https://github.com/elastic/

elasticsearch /issues/25929

e // not implemented yet

RQ1 summary: The analysis identified 12 SATD types in test code, including 4

new test-specific categories such as skipped and limited tests. Also, for the categories
that were found in source code SATD, the distributions are significantly different from
the distribution observed here. These findings reveal that test code exhibits unique

technical debt patterns not fully captured by existing classifications from application

code.

2.4.2 RQ2: Can existing SATD detection tools detect test code

SATD?

Motivation. As prior research has shown that self-admitted technical debt (SATD) ad-
versely affects software quality and maintenance efforts [20], the ability to automatically
detect SATD is essential for taking timely actions. Yet, it is unknown whether current
automated techniques can identify SATD within test code, which is investigated here.

Approach. Seven well-established SATD detection approaches originally developed for
source code comments were employed, following the same implementations used in prior
comparative work whenever possible.

Pattern. The 62 keyword/phrase patterns summarized by Potdar et al. [10] are used.
For each target comment, if any predefined pattern is matched, the comment is labeled as
SATD; otherwise, it is labeled as non-SATD. This is a strict rule-based unsupervised method
and does not require model training.

MAT. Similar to Pattern, Matches task Annotation Tags (MAT) [76] is unsupervised;
however, it differs in two key ways: it is centered on widely used task-annotation tags

(e.g., TODO/FIXME-style tags supported by IDEs), and it applies fuzzy matching rather

31



than strict exact matching, enabling more flexible identification of SATD-like expressions in
comments.

SATD Detector. The text-mining based SATD Detector by Liu et al. [21] is included
as a supervised classifier that identifies SATD comments from textual features through pre-
processing, feature selection, and vector-space representations.

TM. Another text-mining approach by Huang et al. [22] is also included, using the
implementation packaged by Guo et al. [76].

NLP. Maldonado et al. [25] formulated SATD detection as an NLP-based text clas-
sification task with a Maximum Entropy classifier. As in Guo et al. [76], the available
reimplementation is used (the original code was not released) to ensure reproducibility and
a consistent experimental pipeline.

MT-BERT. For the multitask BERT model proposed by Gu et al. [77], the original
released implementation is used with default settings reported by the authors. BERT is a
bidirectional transformer-based language model that learns contextual representations from
text.

DebtHunter. DebtHunter [78], a machine-learning-based SATD detection approach
that classifies comments using learned textual features, is also evaluated.

In summary, Pattern, SATD Detector, NLP, TM, and MAT are executed via Guo et
al.’s JAR package [76], while MT-BERT and DebtHunter are run using their original imple-
mentations [77, 78]. For supervised methods (SATD Detector, NLP, TM, MT-BERT, and
DebtHunter), pretrained, retrained, and retrained-with-cross-validation settings are reported
where applicable. Precision, Recall, F1-score, and Matthews Correlation Coefficient (MCC)
are reported.

Results. The detection results of the seven approaches are summarized in Table 2.2.
The pattern-based approach consistently achieved high precision (0.80) but extremely low
recall on both the original (0.03) and deduplicated (0.04) test sets, resulting in very low F1-

scores (0.06 and 0.07, respectively). Notably, both precision and F1-score are approximately
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Table 2.2: SATD detection performance with/without retraining. The unsupervised MAT
approach achieved the highest F1-score. Pattern-based methods had high precision but very
low recall, and the Text Mining (TM) Method showed low precision but relatively higher
recall. We also show the minimum, maximum, and average of all the scores across all the

tools and approaches.

Dataset Method Retrained? Cross-Validation? Precision Recall F1l-score MCC
Pattern [10] - - 0.80 0.03 0.06 0.15

MAT [76] - - 0.95 0.61 0.75 0.76

SATD Detector [21] X X 0.38 0.58 0.46 0.46

SATD Detector [21] v X 0.30 0.57 0.40 0.41

SATD Detector [21] v v 0.35 0.63 0.44 0.45

T™ [22] X X 0.09 0.56 0.15 0.20

TM [22] v X 0.10 0.86 0.17 0.26

> T™ [22] v v 0.10 0.88 0.18 0.28
& NLP [25] X X 0.53 0.54 0.53 0.53
o NLP [25] v X 0.68 0.63 0.65 0.65
NLP [25] v v 0.86 0.67 0.75 0.75

MT-BERT [77] X X 0.83 0.63 0.71 0.72
MT-BERT [77] v X 0.63 0.50 0.56 0.56
MT-BERT [77] v v 0.68 0.45 0.54 0.55
DebtHunter [78] X X 0.26 0.58 0.36 0.38
DebtHunter [78] v X 0.53 0.65 0.59 0.58
DebtHunter [78] v v 0.68 0.69 0.68 0.68

Minimum - - 0.09 0.03 0.06 0.15

Mazimum - - 0.95 0.88 0.75 0.76

Average - - 0.52 0.59 0.47 0.49

Pattern [10] - - 0.80 0.04 0.07 0.17

MAT [76] - - 0.95 0.56 0.70  0.73

SATD Detector [21] X X 0.37 0.63 0.46 0.47

SATD Detector [21] v X 0.31 0.61 0.41 0.42

SATD Detector [21] v v 0.36 0.65 0.46 0.47

TM [22] X X 0.14 0.49 0.22 0.24

T™ [22] v X 0.28 0.62 0.39 0.40

& TM [22] v v 0.30 0.63 0.40 0.42
& NLP [25] X X 0.49 0.50 0.49 0.48
& NLP [25] v X 0.64 0.58 0.61 0.60
NLP [25] v v 0.81 0.62 0.70 0.70

MT-BERT [77] X X 0.83 0.58 0.69 0.69
MT-BERT [77] v X 0.65 0.43 0.52 0.53
MT-BERT [77] v v 0.60 0.41 0.49 0.49
DebtHunter [78] X X 0.34 0.53 0.41 0.41
DebtHunter [78] v X 0.21 0.65 0.32 0.35
DebtHunter [78] v v 0.47 0.69 0.54 0.55

Minimum - - 0.14 0.04 0.07 0.17

Mazimum - - 0.95 0.69 0.70 0.73

Average 0.50 0.54 0.46 0.48

two to four times lower for the test code dataset than for their original dataset. This

outcome highlights the approach’s limited coverage for test code, as it relies on a fixed set
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of 62 manually curated patterns obtained through a source code-dominated dataset. The
low recall can be attributed, in part, to missing keywords in the manually crafted list,
specifically the absence of TODO alongside FIX, as well as the lack of discernible patterns in
many comments.

The MAT approach achieved the best overall performance across both datasets without
any training. It consistently yielded high precision (0.95) and achieved the highest F1-
scores on both the original (0.75) and deduplicated (0.70) datasets, with corresponding
recall values of 0.61 and 0.56. Notably, both MAT and the NLP approach achieved the
highest Fl-scores, with NLP attaining this performance under the cross-validation setting.
Nevertheless, compared to prior work, the Fl-score observed in this evaluation is 2% lower.

The two text-mining approaches exhibit notably different performance profiles on test
code comments. Compared with Huang et al.’s TM approach, SATD Detector consistently
achieves much higher precision, Fl-score, and MCC on both datasets, while maintaining
competitive recall. However, SATD Detector remains clearly below the retrained NLP ap-
proach, which attains substantially stronger balanced performance, indicating that SATD
Detector provides better coverage-oriented performance than TM but not the same overall
effectiveness as NLP. Meanwhile, the TM approach produced consistently low precision and
Fl-scores across all settings. Similar to the NLP pretrained model, TM failed to recognize
TODO, although it correctly identified FIXME, and produced numerous false positives from pat-
terns such as issue IDs (e.g., // DROOLS-155), copyright notices, and Javadocs with author
annotations. After retraining, TM corrected many of these patterns but still misclassified
a substantial number of irrelevant comments as SATD. Nevertheless, its recall was compa-
rable to that of the NLP and MAT approaches, and was even the highest for the retrained
cross-validation setting on the original dataset. Compared to Huang et al.’s [22] reported
F1-score of 0.737 for source code, its performance on test code is notably poor.

For both datasets, the retrained NLP model achieved roughly 12% higher F1-scores than

the pretrained model, producing balanced precision and recall. On the pretrained model,
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many comments containing the two major keywords, TODO and FIXME, were missed, and
the misidentified comments generally lacked clear patterns. After retraining, the model
successfully learned TODO but still failed to capture FIXME. Notably, most of the remaining
misclassified comments were Javadocs describing bug-related tests that include bug ID (e.g.,
@bug 8077931). Compared to Guo et al.’s [76] result on source code, the best Fl-score in
this evaluation after retraining is about 5% lower.

The MT-BERT approach exhibited strong performance on pretrained, achieving F1-
scores of 0.71 and 0.69 on the original and deduplicated test datasets, respectively. This
indicates that the pretrained multitask model generalizes reasonably well to test code com-
ments. However, retraining MT-BERT on the test code comment datasets resulted in a
noticeable performance degradation, primarily due to reduced recall, which led to lower F1-
scores. Manual inspection revealed that MT-BERT attained relatively high precision by
correctly identifying SATD comments containing explicit debt-related keywords; neverthe-
less, it occasionally failed to detect when common keywords such as TODO were present, and
similar to MAT, it struggled with comments lacking explicit keyword signals, leading to
comparable recall between the two approaches. Overall, the pretrained version performed
better in these cases, likely because it was trained on a larger and more diverse set of
SATD patterns, enabling it to better capture keyword-based and recurring SATD expres-
sions. DebtHunter improved after retraining, achieving stronger recall and F1-score under
cross-validation. However, its lower precision kept its overall performance below the best
MAT and NLP results.

The overall poor to moderate performance indicates that methods originally developed
based on the characteristics of source code fail to fully capture the distinctive properties of
test code. This finding reinforces the notion that SATD instances in test code differ substan-
tially from those in source code. Although retraining sometimes improved the performance,
even in the best scenarios, results remained 2-5% lower than those on the source code. These

findings highlight the somewhat poor transferability of source-trained models and show that
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retraining alone is not sufficient.

RQ2 summary: Although the NLP and MAT approaches achieve the highest ac-

curacy in detecting SATD in test code, their Fl-scores remain relatively modest at
around 0.75. This limitation motivated the investigation of different LLMs for de-
tecting SATD in test code, particularly because prior research has demonstrated the
strong performance of LLMs across various software engineering tasks, including the

detection of SATD in source code.

2.4.3 RQ3: Can open-source LLM detect SATD in test code?

Motivation. Although SATD often contains keywords such as TODQO, many comments do
not follow such patterns. In these cases, even sophisticated pattern-based methods (e.g.,
TM, NLP) fail to detect SATD, highlighting the need for approaches that capture semantic
meaning. Consequently, Large Language Models (LLMs) are investigated, given their strong
capability in understanding both natural language and source code [106]. Recent studies
have also found promising results with LLMs for detecting source code SATD [24, 88], out-
performing conventional approaches.

Approach. Encouraged by the success of SATD detection [24] of the Flan-T5 model
series, these models were investigated on test code SATD with few-shot configurations of 0,
2, and 4 shots. These models are T5-SMALL, T5-BASE, T5-LARGE, T5-XL, and T5-XXL,
with numbers of parameters 60M to 11B. The experiments were run on an HPC cluster
with Intel 8570 CPUs (2.1 GHz) and multiple NVIDIA H100 GPUs. Four different prompt
templates were tested: No Keyword, MAT, Jitterbug, and GPT-4. These were adopted from
Sheikhaei et al. [24] to enable direct comparison with their results.

Additionally, a new prompt template developed mainly for RQ4 was added, as illustrated
in Figure 2.4. Existing research highlights that LLMs are highly sensitive to the structure

and phrasing of prompts, with their performance varying considerably depending on how
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(. )

You are a Code Analysis Expert specialized in detect-
ing Self-Admitted Technical Debt (SATD) in Java test
code comments.

SATD refers to comments where developers acknowl-
edge that the current test implementation is incom-
plete, suboptimal, or relies on a compromise that
should be addressed in the future. These admissions
often appear as markers such as TODO or FIXME,
or as notes about unresolved issues, temporary fixes,
workarounds, hacks, performance limitations, use of
deprecated APIs, unsupported features, poor design
choices, skipped tests, or uncertain functionality. How-
ever, comments that only describe expected behavior of
test code are not SATD unless there is additional in-
formation indicating the need for future improvement.

Think step by step and assign the label of yes or no for
each given test code comment.

Few-Shot Examples

Comment: <<example comment>>
Answer: <<explanation>> The answer is <<label>>.

Comment: <<comment for the LLM to detect>>
Answer:

Figure 2.4: LLM prompt template for detecting SATD comment.
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tasks, instructions, and examples are articulated [107]. To ensure greater reliability and
adaptability, a modular prompt template was developed, comprising three components, in
accordance with established prompt design frameworks [108, 109]. The first, the Instruction,
is organized into three parts: (i) a role-based persona that anchors the model’s behavior
and enhances response quality [110]; (ii) a contextual and task-specific description that
clarifies the model’s objective [108]; and (iii) explicit output formatting guidelines that reduce
ambiguity and improve consistency in responses. The second, Few-Shot Examples, varies
in number across experiments to assess performance sensitivity. Finally, the third, Query,
contains the target comment that the LLM is required to analyze and classify.

Results. Table 2.3 reports the results for the T5 model family, ranging from T5-SMALL
to TH-XXL. The findings indicate that the Flan-T5 series LLMs are unable to consistently
detect SATD in test code, with their effectiveness varying depending on the prompting
strategy, shots, and model size. In most cases, the smaller models—T5-Small, T5-Base, and
T5-Large—failed to detect SATD, resulting in zero recall and, consequently, zero precision.

Between the two largest models, TH-XL consistently achieved higher precision than T5-
XXI, often reaching near-perfect precision (e.g., 1.0) with keyword-based prompts (MAT
and Jitterbug). However, this high precision generally came at the expense of very low
recall. The New prompt performed competitively, achieving a maximum F1-score of 0.54.
In contrast, the No Keyword and GPT-4 prompts yielded poor results, with many zero-shot
and few-shot runs failing to detect any SATD (F1 = 0.0). Meanwhile, the T5-XXL models
demonstrated higher recall, frequently exceeding 0.8, but with substantially lower precision
(ranging from 0.10 to 0.42).

When comparing the Fl-scores of T5-XXL across different prompt variations with those
reported by Sheikhaei et al. [24], similar overall trends are observed; however, the scores
in this evaluation are approximately 30% lower. Overall, the MAT-based keyword prompts
achieved the highest Fl-score (0.68). This strong performance is largely due to the high

prevalence of MAT-suggested keywords—particularly TODO—in SATD comments and their
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Table 2.3: Precision (P), Recall (R), Fl-score (F1), and Matthews Correlation Coefficient
(MCC) for detecting SATD comments using Flan-T5 series open-source LLMs across 0-, 2-,
and 4-shot settings.

& Y 0-shot 2-shots 4-shots

& &Q Model
Q& Q& P R F1 MCC P R F1 MCC P R F1 MCC

T5-SMALL 0.00 0.02 0.01 -0.02 0.00 0.00 0.00 -0.01 0.00 0.00 0.00 -0.01
T5-BASE 0.01 031 002 -0.03 0.02 051 0.03 0.0l 001 045 0.03 0.01

New T5-LARGE 0.03 096 005 010 004 091 0.07 014 0.04 0.74 0.07 0.12
T5-XL 029 086 043 049 038 079 051 054 047 064 054 0.54

T5-XXL 0.10 0.98 0.18 029 012 09 021 032 011 095 020 0.31

T5-SMALL 0.00 0.00 0.00 000 000 000 0.00 0.00 0.00 0.00 0.00 0.00
No T5-BASE  0.00 0.03 0.01 -0.04 0.00 0.00 0.00 0.00 0.00 000 0.00 -0.00
Kevword T5-LARGE 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
eywor T5-XL 0.33 0.0l 0.01 0.05 000 0.00 0.00 0.00 0.00 0.00 0.00 0.00

T5-XXL 010 066 0.18 024 019 050 028 0.29 0.17 050 025 0.28

E T5-SMALL 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.0 0.00 0.00 0.00 0.00
2 T5-BASE  0.01 0.04 001 -0.03 000 0.00 0.00 -0.00 000 0.00 0.00 -0.02
8 GPT 4 T5-LARGE 024 0.04 006 0.09 029 0.01 0.03 006 0.67 0.0l 0.03 0.10
T5-XL  1.00 0.04 007 019 000 0.00 0.00 000 0.00 0.00 0.00 0.00

T5-XXL 020 087 0.32 040 0.18 0.82 030 037 0.18 080 0.30 0.36

T5-SMALL 0.00 0.00 0.00 0.00 0.00 0.00 000 0.0 0.00 000 000 0.00

T5-BASE  0.00 0.03 001 -0.03 0.00 0.00 0.00 -0.00 0.00 0.00 0.00 -0.01

Jitterbug T5-LARGE 0.00 0.00 0.00 0.00 000 0.00 0.00 0.00 000 0.00 0.00 0.00
T5-XL  1.00 0.47 0.64 0.68 1.00 0.11 020 0.33 1.00 0.08 0.15 0.28

T5-XXL 028 0.83 042 047 0.27 082 041 046 030 080 043 0.48

T5-SMALL 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 000 0.00

T5-BASE  0.00 0.04 001 -0.03 000 0.00 0.00 -0.00 0.00 0.00 0.00 -0.00

MAT  T5-LARGE 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
T5-XL 099 0.52 0.68 0.71 1.00 0.13 023 0.36 1.00 0.12 021 0.34

T5-XXL 033 080 047 050 040 0.78 053 055 042 074 054 0.55

T5-SMALL 0.01 0.03 0.01 -0.02 0.00 0.00 000 -0.01 0.00 000 0.00 -0.01

T5-BASE  0.02 0.36 004 0.0l 002 055 0.04 003 0.02 052 0.04 0.03

New  T5LARGE 0.03 095 0.05 0.09 004 0.89 0.08 0.14 0.05 0.76 0.09 0.14
T5-XL 026 0.85 040 046 036 0.76 049 051 046 0.65 054 0.53

T5-XXL 010 0.97 0.18 028 0.11 0.97 020 031 011 096 020 0.30

T5-SMALL 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.0 0.00 0.00 0.00 0.00

No T5-BASE  0.01 0.04 002 -001 000 0.00 0.00 0.00 000 0.00 0.00 -0.00
Kevword T5-LARGE 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
eywor T5-XL 0.00 0.00 0.00 -0.00 0.00 0.00 000 000 000 0.00 0.00 0.00

. T5-XXL 011 074 020 026 0.22 058 032 034 021 057 031 0.33
E T5-SMALL 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.0 0.00 000 0.00 0.00
=, T5-BASE  0.01 0.04 0.02 -0.01 000 0.00 0.00 -0.00 0.00 0.00 0.00 -0.01
= GPT 4 T5-LARGE 025 0.04 007 010 029 0.02 0.03 007 067 0.02 0.03 0.11
A T5-XL  1.00 0.04 007 019 000 0.00 0.00 0.00 0.00 0.00 0.00 0.00

T5XXL 019 087 031 039 018 087 029 037 018 083 030 037

T5-SMALL 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

T5-BASE  0.01 0.02 0.01 -0.01 0.00 0.00 0.00 -0.00 0.00 0.00 0.00 -0.01

Jitterbug T5-LARGE 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
T5-XL 1.00 040 057 063 1.00 0.12 0.22 035 1.00 0.09 0.16 0.29

T5-XXL 028 082 042 047 026 081 039 044 028 0.79 041 045

T5-SMALL 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
T5-BASE  0.01 0.03 0.01 -0.01 0.00 0.00 0.00 -0.00 0.00 0.00 0.00 -0.00

MAT T5-LARGE 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
T5-XL 1.00 046 0.63 0.68 1.00 0.15 026 039 1.00 0.13 0.23 0.36

T5-XXL 034 079 047 050 040 076 052 054 040 0.72 052 0.53

39



absence in non-SATD comments within the test dataset. For instance, using the MAT
approach, the model correctly identified 71 SATD comments out of 137 with the Flan-T5-XL
(zero-shot) setup but failed to detect the remaining 66, even when other obvious indicators
(e.g., yuck, workaround) were present. A clear example of a missed case is the comment “//
kinda sorta wrong, but for testing’s sake...”, which expresses technical debt but lacks any
MAT-suggested keywords.

These findings indicate that the choice of prompt has a substantial impact on model
performance. Increasing the number of shots (0—2—4), however, did not consistently im-
prove results; this trend was also observed by Sheikhaei et al. [24]. In both studies, the
best performance was achieved under zero-shot settings, as demonstrated by T5-XL with

MAT-based prompts in these experiments.

- )

RQ3 summary: The results indicate that open-source LLMs (Flan-T5 series) strug-

gle to reliably detect SATD in test code across different prompt types and shot settings.
Although the best Fl-score reached 0.68 using the MAT prompt, the overall perfor-
mance remains inconsistent and relatively poor compared to the existing tools (RQ2),
suggesting that these models have a limited ability to understand and generalize SATD

patterns in test code.

2.4.4 RQ4: Can proprietary LLM detect SATD in test code?

Motivation. Motivated by the unexpectedly poor performance of open-source LLMs ob-
served in RQ3, this section extends the investigation to proprietary LLMs. Previous research
consistently reports that proprietary models tend to outperform open-source counterparts
across a range of standard benchmarks, including those that involve code understanding and
generation tasks [79, 111, 112].

Approach. Two major proprietary LLM families—Gemini and GPT—were used to

assess their effectiveness in detecting SATD in test code. For Gemini, the latest Flash
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variants of Gemini 2.0 and 2.5 were used, and for GPT, three GPT-5 models (nano, mini,
and standard) were tested to capture diverse reasoning capabilities and model sizes. Each
model was tested under the few-shot configurations of 0, 2, and 4 shots. All the experiments

were conducted using the prompt shown in Figure 2.4.

Table 2.4: Precision (P), Recall (R), Fl-score (F1) and Matthews Correlation Coefficient
(MCC) for detecting SATD comments using GPT and Gemini across 0-, 2-, and 4-shot
settings.

0-shot 2-shots 4-shots
P R F1 MCC P R F1 MCC P R F1 MCC
gpt-5-nano 0.12 093 020 031 018 091 030 039 019 091 0.31 0.40

Dataset Model

> gpt-5-mini 023 095 036 045 025 093 039 047 026 096 040 048
\,6.30 gpt-5 027 095 042 050 0.34 093 0.49 0.55 032 094 047 0.54

Q&
gemini-2.5-flash 0.15 0.99 026 0.36 0.17 1.00 028 0.39 0.12 0.99 021 0.33
gemini-2.0-flash 0.24 0.88 037 044 0.15 098 026 0.37 0.12 0.99 021 0.32

gpt-5-nano 0.11 092 020 030 019 091 031 039 017 089 0.29 0.38

] QQL@ gpt-5-mini 022 094 035 044 024 094 039 047 024 096 0.38 0.46

6\@\\ gpt-5 027 09 042 049 0.31 092 0.46 0.52 030 093 045 0.51
2

<9 gemini-2.5-flash 0.15 0.99 026 0.36 0.17 1.00 029 0.39 0.12 0.99 021 0.31
gemini-2.0-flash 0.24 0.88 0.38 045 0.15 098 027 037 0.11 0.99 020 0.31

Results. The experimental results are summarized in Table 2.4. Proprietary models
achieved consistently high recall, frequently exceeding 0.90 and occasionally reaching 1.0
(e.g., Gemini-2.5-Flash under 2-shot). However, this high recall was accompanied by very
low precision, particularly for Gemini models, where precision often ranged between 0.11
and 0.24. Among GPT models, the standard GPT-5 demonstrated the most balanced per-
formance, attaining the highest Fl-scores under 2-shot settings on both the original (0.49)
and deduplicated (0.46) datasets. The GPT-5 mini and nano variants performed moderately
well, outperforming Gemini in terms of precision and F1, but lagging behind GPT-5 stan-
dard. Increasing the number of shots did not consistently improve performance, as was seen
with the Flan-T5 models as well.

Compared to the Flan-T5 series (RQ3), proprietary models exhibit distinct performance
patterns. GPT-5 models maintain high recall, unlike T5-XL, which achieves strong pre-

cision primarily with MAT or Jitterbug prompts but suffers from limited recall. GPT-5
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provides more stable SATD detection across shot settings compared to the Flan-T5 series.

Nonetheless, Flan-T5-XL with MAT prompts achieved the highest F1-score (0.68).

RQ4 summary: In general, proprietary LLMs, particularly GPT-5, outperform

open-source models in recall. However, their much lower precision indicates a ten-
dency to over-predict SATD instances. These results suggest that while proprietary
models may offer stronger contextual reasoning to exhibit high recall, significant im-

provements are needed to address their limitations with precision.

2.5 Discussion

SATD can significantly hinder software maintenance activities. Understanding the nature of
SATD and its detection is, therefore, critical for effective mitigation. The landscape of SATD
in test code is investigated here—an area largely overlooked by previous research, despite the
critical role of testing in software development and the well-documented impact of SATD on
software maintainability. The types of SATD that appear in test code (RQ1) were examined,
and 12 types were found, where 4 of them were new—mnot found in other source code-
based studies. The effectiveness of the existing tools (RQ2), open-source LLMs (RQ3), and
proprietary LLMs (RQ4) in identifying these SATD comments was then assessed. Existing
tools, particularly MAT, were able to detect SATD with high precision (0.95), but their
recall (< 0.61) remains limited. Meanwhile, open-source LLMs exhibited inconsistent and,
in some cases, unexpectedly poor performance across model sizes and prompt variations. In
the best cases, such as Flan-T5-XL with the MAT prompt, high precision but low recall was
observed. In contrast, proprietary LLMs exhibited very high recall but very low precision.
While a complete systematic qualitative analysis of the inaccurate detection of test code
SATD by all studied tools and approaches is left as future work, an initial effort was still
made to understand the root causes of these failures. To this end, the first author, who has

over 10 years of industry experience, manually analyzed the best-performing configuration in
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each of the three approach families: MAT among existing tools, Flan-T5-XL with the MAT
prompt in the zero-shot setting among open-source LLMs, and GPT-5 in the 2-shot setting
among proprietary LLMs. For the best-performing existing approach, MAT, the first author
manually analyzed all 50 missed SATD comments in the deduplicated test set. They found
that, although many of these false negatives do express technical debt, they do so through
test-specific wording rather than the source-code SATD cues that existing approaches were

largely designed around. Representative examples include the following:

e //inline function cannot be recursive // note: mutual recursion is not supported either,

but it is not tested due to the forward declaration limitation above

e // Disabled until replace supports external destinations. To be enabled after that

point.

e // Not testing average length and min/max, as this would make the test less reusable

and is not that important to test.

These examples indicate that lower recall is concentrated in test-specific wordings or ex-
pressions that are common in test SATD comments. Even when comments contain words
such as disabled, deactivated, or skip, these expressions function as test-specific cues
rather than canonical source-code SATD markers such as TODO or FIXME. As a result,
keyword- and pattern-dependent approaches can preserve high precision while still missing
a large portion of genuine SATD comments.

For open-source LLMs, the same author manually analyzed all 61 SATD comments missed
by Flan-T5-XL in the MAT-based zero-shot setting. Again, many missed comments relied
on test-specific phrasing rather than conventional SATD keywords. Although these models
are more flexible than strict rule-based techniques, their strongest results still come from
keyword-oriented prompts such as MAT and Jitterbug, suggesting that they remain strongly

anchored to lexical cues inherited from source-code SATD. Examples include:

e // this test has been disabled because of timeout issues. // see JDK-8006746
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e // Deactivated due to https://github.com/bazelbuild
/bazel /issues /9380.

e // skip test, as it needs historical time zone info

Interestingly, the proprietary LLMs exhibited the opposite behavior: very high recall but
very low precision. To understand their lower precision, 146 of the 233 non-SATD comments
misclassified as SATD (95% confidence level) by GPT-5 in the 2-shot setting were randomly
sampled and manually analyzed. In these cases, the model often overinterpreted generic
task-oriented, cautionary, or context-setting comments as technical debt. Representative

false positives include:

e //Finish pending tasks
e // Load it dynamically because Hibernate won’t be on the classpath when we’re testing

with Eclipselink

e // Wait for a second so that the auth is synced, to avoid flakiness

These examples help explain why proprietary LLMs achieve high recall but low preci-
sion. Such models appear to use broader semantic reasoning, which allows them to recover
SATD comments that keyword-dependent approaches miss. However, the same behavior
can cause them to overinterpret ordinary explanatory comments as debt. In the first exam-
ple, the phrase pending tasks can be read as unresolved work, even though the comment
merely describes the purpose of the following statement. In the second example, the model
may interpret the dependency-related wording as evidence of an architectural limitation
or workaround, although the comment only explains a test setup decision under a specific
classpath condition. In the third example, the phrasing resembles a temporary workaround
for unstable behavior, which can sound like admitted debt, but the comment is still de-
scribing test synchronization logic rather than explicitly admitting postponed maintenance.
Taken together, these cases show that broader semantic reasoning improves recall, but it

can also weaken discrimination between SATD and non-SATD comments when operational,
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dependency-related, or test-stabilization comments resemble debt-related language. More
generally, the quantitative and qualitative results indicate that SATD in test code differs
from source-code SATD not only in category but also in how they are generally expressed.
Reliable detection of SATD in test comments will therefore likely require models that learn
test-specific cues in context, rather than relying only on source-code SATD keywords or on
overly broad semantic interpretations.

Future work can explore additional open-source models, incorporate richer contextual
information (e.g., surrounding code), and train or fine-tune models to improve detection
accuracy. In particular, future training data and prompts should explicitly capture test-
specific SATD expressions and keywords such as disabled, deactivated, and skip, rather
than relying mainly on source-code-oriented cues such as TODO and FIXME. Including such
test-specific cues, together with hard negative examples that use similar operational lan-
guage without actually admitting debt, may improve both recall and precision. When such
accurate detection is possible, future work can investigate the evolution of test methods
with SATD [20, 45] to understand their long-term maintenance impact (e.g., change- and
bug-proneness of SATD test methods compared to non-SATD test methods). The manu-
ally curated dataset of test code SATD can support future research on automated test code
SATD detection, classification, and the impact of test code SATD in long-term software

maintenance.

2.6 Threats to Validity

Construct validity. The SATD detection and classification were completely based on
manual analysis. Since manual interpretation is inherently susceptible to personal bias and
subjectivity, multiple reviewers were involved to mitigate this risk.

Internal validity. Internal validity is hampered by the selection of LLMs. However,

the open-source LLMs were selected based on their excellent performance in a similar task.
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While selecting the proprietary LLMs, the focus was on the prominent Gemini and GPT
models that exhibited good performance in many software engineering tasks [113-115].

External validity. To enhance the generalizability of the findings, 1,000 open-source
projects spanning a variety of domains were analyzed. However, all selected projects were
written in Java. As a result, the findings may not generalize to closed-source projects or
software developed in other programming languages. Also, despite analyzing a large number
of comments (50K), the relatively low number of SATD comments in the manually reviewed
dataset remains a limitation; expanding this dataset could enhance the robustness of the
findings.

Conclusion validity is hampered by all the aforementioned threats.

2.7 Conclusion

A large-scale empirical investigation of Self-Admitted Technical Debt (SATD) in test code
is presented. Through manual analysis of 50,000 comments from 1,000 open-source Java
projects, 615 SATD instances were identified and further categorized into 12 types, includ-
ing four newly proposed ones. The findings reveal that SATD in test code exhibits distinct
characteristics compared to SATD in source code. The evaluation of SATD detection ap-
proaches further demonstrates that existing tools achieve high precision but suffer from low
recall, open-source LLMs display inconsistent performance across models and prompt con-
figurations, and proprietary LLMs attain higher recall at the expense of precision. These
insights can inspire future research and facilitate the development of more robust, and ac-
curate techniques for the automated detection and classification of SATD. Ultimately, such
advancements have the potential to support practical adoption in industry, enabling devel-

opers to better manage technical debt and reduce long-term maintenance overhead.
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Chapter 3

HistoryFinder: Accurate Oracle
Construction and Method-History

(Generation

This chapter begins Part II and presents the second contribution of this thesis: improving the
reliability of method-level history generation. Many software-evolution studies rely on accu-
rate histories of individual methods, including studies of change-proneness, bug-proneness,
technical debt, and test-code evolution. In this thesis, such histories are also required for
Chapter 4, where test-method history construction is evaluated before test-method evo-
lution is studied. Therefore, this chapter addresses two related methodological problems:
constructing reliable method-history oracles and improving tool support for method-history
generation.

This chapter is based on the following manuscript:

e S. Islam, A. Aowal, M. S. Uddin, and S. Chowdhury, “HistoryFinder: Advancing
Method-Level Source Code History Generation with Accurate Oracles and Enhanced
Algorithm,” manuscript accepted for publication in the proceedings of the 48th IEEE/ACM

International Conference on Software Engineering (ICSE), Rio de Janeiro, Brazil, 2026.
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Abstract

Reconstructing a method’s change history efficiently and accurately is critical for many soft-
ware engineering tasks, including maintenance, refactoring, and comprehension. Despite the
availability of method history generation tools such as CodeShovel and Code Tracker, existing
evaluations of their effectiveness are limited by inaccuracies in the ground truth oracles used.
Two new oracles—the corrected C'odeShovel oracle and a newly developed HistoryFinder or-
acle—are systematically constructed by combining automated analysis with expert-guided
manual validation. HistoryFinder is also introduced as a new method history generation
tool designed to improve not only the accuracy and completeness of method change histories
but also to offer competitive runtime performance. The evaluation across 400 methods from
40 open-source repositories shows that HistoryFinder consistently outperforms CodeShowvel,
CodeTracker, IntelliJ, and Git-based baselines in terms of precision, recall, and F1 score.
Moreover, HistoryFinder achieves competitive runtime performance, offering the lowest mean
and median execution times among all the research-based tools. While Git-based tools ex-
hibit the fastest runtimes, this efficiency comes at the cost of significantly lower precision and
recall—leaving HistoryFinder as the best overall choice when both accuracy and efficiency
are important. To facilitate adoption, a web interface, CLI, and Java library are provided

for flexible usage.
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3.1 Introduction

Source code change history is valuable to both software practitioners and researchers. Practi-
tioners leverage source code history for tasks such as code reviews, expert identification, and
developer onboarding [45]. Researchers, on the other hand, use code history for a variety of
tasks, including bug prediction [8, 116], code clone management [46], entity name recommen-
dation [47], security vulnerability detection [117], code review [45], authorship attribution
[48, 49], and software maintenance effort estimation [9, 20, 118]. To extract this historical
information, researchers primarily relied on version control systems (VCS). However, tradi-
tional VCSs like Git mainly focus on file-level change tracking, which lacks the granularity
needed for studies at finer levels. In practice, understanding maintenance activities at lower
granularities—particularly at the method level—is important to both researchers and practi-
tioners [8, 20, 45]. However, tracking method-level change history is challenging, as methods
may be renamed or moved across files during refactoring and other development activities.
These challenges and practical demands have driven the development of specialized tools for
generating method-level change histories [45, 59, 60].

Several approaches have been proposed to recover method-level code evolution, particu-
larly from Git repositories. Hata et al. [58] introduced Historage, a tool that enables method-
level change tracking by restructuring repositories to store individual methods in separate
files. This approach was later refined in FinerGit [59], which enhanced the accuracy of de-
tecting small method changes. However, both tools require extensive preprocessing [45] of
the codebase before any method-level history can be generated. This introduces additional
storage overhead and preprocessing time, making them impractical for scenarios where fast
and on-demand change history extraction is needed.

To mitigate the need for upfront preprocessing, Grund et al. [45] introduced CodeShovel
(ICSE 2021), a tool that tracks method-level change history on demand using a lightweight
string similarity algorithm. CodeShovel was reported to be both accurate and efficient,

based on evaluation using a human-generated change history oracle of 200 Java methods.
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Unfortunately, Jodavi et al. [60] later identified inaccuracies in this oracle. They corrected the
oracle and introduced a more robust and refactoring-aware tool, CodeTracker (ESEC/FSE
2022), which significantly outperformed CodeShovel in terms of precision and recall.

A concern remains, however, that the internal threats present in the human-generated
CodeShovel oracle may have carried over into the CodeTracker oracle, which was largely
derived from CodeShovel and later corrected by a separate group of researchers, thereby
introducing its own set of internal threats. Such inaccuracies in recorded change histories
are particularly problematic, as tools validated by these oracles form the foundation for re-
search on method-level maintenance analysis and modeling [8, 9, 20, 65, 119]. Moreover, the
accuracy of tools evaluated against these less reliable oracles remains uncertain, raising con-
cerns about their practical usefulness to software practitioners. Low precision in identifying
method change commits can result in excessive false positives, while low recall may lead to
missing critical changes—both of which can harm the usefulness of change history tracking
in real-world scenarios.

To address the limitations of human-generated change histories, a more systematic, semi-
automated approach was adopted to construct two new oracles for method-level change
history. Rather than relying solely on manual annotation, A tool was developed to collect
method-change commits for a given Java method using multiple state-of-the-art tools—namely,
CodeShovel, CodeTracker, GitLog (GitFuncName and GitLineRange), and IntelliJ. The tool
aggregates method change commits collected by all sources, based on the observation that
this combined approach achieves significantly higher recall than any individual tool. This
union set was then manually verified by two expert software engineers, who removed false
positives to ensure high precision and added any relevant method change commits missed
by all tools. The result is two high-quality oracles that combine the strengths of automated
detection and expert validation. As shown later in the analysis (RQ1), the previously used
oracles from CodeShovel and CodeTracker contain notable inaccuracies—confirming concerns

about the validity of prior evaluations that relied on those oracles.
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In addition to providing the new oracles, a novel, heuristic-based, method-level history
generation algorithm and tool called HistoryFinder is introduced. It also addresses several of
CodeShovel’s technical limitations. For instance, unlike CodeShovel, HistoryFinder captures
changes introduced in merge commits, as well as modifications to JavaDocs, annotations,
and code formatting.

HistoryFinder is then compared with other method-level change-history tracking tools
in terms of precision, recall, and runtime using the two newly developed oracles (RQ2
and RQ3). Overall, the research-oriented tools— HistoryFinder, CodeShovel, and Code-
Tracker—consistently demonstrate substantially higher accuracy than other alternatives
such as GitLog and IntelliJ. HistoryFinder generally achieves the highest precision and re-
call across all test oracles, while also offering competitive runtime performance. Although
GitLog is the fastest at reconstructing method histories, it suffers from significantly lower
precision and recall, making HistoryFinder the most balanced option in terms of accuracy
and efficiency. To support broader adoption, a GUI-based tool is also provided that al-
lows researchers and practitioners to generate method-level change histories using any of the
state-of-the-art tools.

The contribution of this chapter can be summarized as follows.

e [t offers two systematically developed method-level change history oracles—consisting
of 400 Java methods. Building these oracles with manual verification required approx-
imately 300 hours from each of the two participating authors, excluding the time for
building the necessary tools. These more accurate new oracles can be instrumental for

future research on developing more method-level change history generation tools.

e [t introduces a new algorithm and tool, HistoryFinder, that addresses the limitations

of the CodeShovel tool.

e It conducts a thorough evaluation of the state-of-the-art method tracking tools against

two accurate oracles to assess their relative performance in terms of precision, recall,
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F1 score, and runtime efficiency.

e [t provides a user-friendly GUI-based tool that integrates all the state-of-the-art method-
tracking tools (excluding IntelliJ), allowing users to analyze and generate method his-

tories for any arbitrary Java method from a Git-based project.

The two oracles and the GUI-based history generation tool are publicly shared.! While
this GUI-based tool can be used by both practitioners and researchers, the shared repository
also shows how to use the new HistoryFinder tool from the command line for enabling

research in mining software repositories.

3.2 Background and Related Work

This section discusses earlier research that leveraged code change history, especially at the
method level, to analyze and build maintenance models. It then discusses research that

focused on building history construction tools.

3.2.1 Research on Code Change History and Maintenance

Software maintenance models commonly target the prediction of changes and bugs, as compo-
nents that undergo frequent modifications or are tied to bug fixes are often harmful [9, 120
122]. Early identification of such components can substantially lower future maintenance
effort and cost [9, 123-125]. Leveraging various code metrics, Koru et al. [123] built tree-
based models to forecast change-prone classes. In a similar vein, Romano and Pinzger [5]
applied code metrics to predict change-prone Java interfaces. Khomh et al. [6] demon-
strated that certain types of code smells can also signal classes likely to change. Bug predic-
tion models pursue a similar objective to change-proneness prediction models: identifying
code elements—such as classes or files—that are more likely to contain bugs in future ver-

sions [126-131]. These studies, however, primarily focused on the class or file level, which

L HistoryFinder: https://github.com/SQMLab/HistoryFinder
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has been reported as less useful by both practitioners and researchers [7, 8, 45, 84]. For
example, finding bugs in a class or file can be difficult due to its large size. Consequently,
method-level change and bug prediction models have gained traction in recent years.
Method-level bug prediction has been studied by Giger et al. [84], Mo et al. [132], Ferenc
et al. [133], Shippey et al. [134], Hata et al. [135], Menzies et al. [136], Pascarella et al. [7],
and Chowdhury et al. [8]. These studies heavily relied on constructing method-level change
histories—either to build labeled datasets or to derive change metrics used as input features
for machine learning models. For instance, Mo et al. [132] employed metrics such as the
number of added and deleted lines within a method to predict its bug-proneness, a strategy
also adopted by Pascarella et al. [7]. Chowdhury et al. [8] used method-level change history
to identify bug-fixing commits and label methods as buggy or non-buggy. The accuracy of
the tools used to construct method-level change histories is therefore critical, as inaccuracies

can lead to erroneous change metrics and incorrect bug labels.

3.2.2 Research on History Construction

Earlier studies on method-level tracking in Git used separate files to record method changes
alongside Git’s file-level history. After extensive preprocessing of the entire codebase, this
approach enables the use of git log to retrieve method histories. Hata et al. [58] intro-
duced this technique with Historage, which tracks changes to constructors, methods, and
fields. However, Higo et al. [59] found that Historage struggles to track small methods when
renamed or moved across files. To overcome these issues, they proposed FinerGit, which rep-
resents methods with one token per line and applies heuristics for change comparison. Still,
the preprocessing is time-intensive and incurs significant storage overhead—an issue common
across similar tools [137-140]. Other tools [141, 142] analyze changes between two versions
but fall short of supporting origin analysis required by developers [45] and researchers [9].
Recent studies have proposed solutions that eliminate the need for upfront repository

preprocessing and avoid tracking methods at each Git commit [45, 60]. Grund et al. [45]
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introduced CodeShovel, a state-of-the-art tool capable of recovering method histories despite
various transformations. On a manually annotated oracle, CodeShovel outperformed both
research tools (e.g., FinerGit) and industry tools (e.g., IntelliJ, GitLog). However, Jodavi
et al. [60] found that CodeShovel struggles when methods undergo significant body changes,
such as during moves, often failing to track them correctly or misattributing their origin.

By leveraging the RefactoringMiner [143], the authors also noted inaccuracies in the orig-
inal CodeShovel oracle and revised it based on their interpretation to create a more reliable
benchmark. In general, they identified inaccuracies in 27 method histories due to method
extraction refactorings. The authors updated the CodeShovel oracle based on Refactoring-
Miner’s suggestions, but this approach has two key issues: (i) the accuracy of the remaining
173 methods is unknown, and (ii) RefactoringMiner itself has low recall (54.2) for the ex-
tract and move method [143], raising doubts about the updates’ reliability. The authors
also developed CodeTracker, which employs RefactoringMiner’s advanced entity matching
algorithm [143]. When evaluated with the new oracle, CodeTracker showed significant im-
provements in precision and recall over CodeShovel, but its reliance on RefactoringMiner
introduced a performance bottleneck, making it significantly slower.

Motivation: Like its predecessor, the new CodeTracker oracle remains subject to inter-
nal validity threats, as it relies on the RefactoringMiner and on researchers’ interpretations.
A more systematic oracle construction process is needed for the reliable evaluation of method
history tools. Additionally, there is a need for a new algorithm that maintains high accuracy

without sacrificing runtime performance, unlike CodeTracker.

3.3 Developing the New Oracles

To evaluate method-tracking tools, it is essential to have reliable ground truths against which
the correctness of the tools can be measured. An oracle created in a purely manual manner

remains vulnerable to internal validity threats due to its substantial dependence on human
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judgment. Manual efforts are prone to inconsistencies, oversight, and bias, particularly when
dealing with complex software evolution patterns. Constructing such an oracle is also highly
impractical for large-scale real-world codebases, which often consist of thousands of files and
methods. During software evolution, methods may undergo renaming, move across files, or
be refactored in tandem with other code changes, including modifications to their signatures
and bodies. These transformations may occur within a single commit or span across multiple
commits, making manual tracking extremely error-prone and difficult to scale.

Therefore, a hybrid approach was adopted that combined automated analysis with human
verification. Method histories were collected with multiple state-of-the-art tools, each with
distinct strengths and weaknesses, and each reported change was manually validated to
ensure high precision and recall. This union-based strategy was inspired by an observation
in the original CodeShovel research: although CodeShovel outperformed all other tools, it
occasionally missed method change commits that were correctly identified by those other
tools.

To find potential change commits that were not captured by any of the tools, the first
two authors used the git log command to trace changed files (not methods) containing the
methods of interest, manually verifying whether any were actual change commits. These two
authors have 84 years of industry experience in software development and Git-based project
management. This process uncovered 43 additional commits. While this quick manual
process may not reveal all missing commits, finding only 43 out of 9,005 total suggests that
the union set already had high recall.

Each method’s history was then independently reviewed by these two authors. Inter-rater
agreement was evaluated using Cohen’s Kappa [99], which yielded a value of 0.97, indicating
an almost perfect [100] level of agreement between the two authors. Out of 9,005 commits
in the union set, only 66 had disagreements, which arose from: (i) introduction of new
overloaded versions with the same name, and (ii) different tools identifying different methods

due to varying body-similarity thresholds. These disagreements were resolved through Zoom
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Figure 3.1: The process used to generate accurate oracles. The union of the change commits
reported by all tools was first created, missing commits were added, and false positives were
then removed.

discussions by examining function call locations and contextual information in the Java file.
Figure 3.1 summarizes the oracle construction process. The next sections describe the two

oracles developed here.

3.3.1 Updating the CodeShovel Oracle

Using the five tools (CodeShovel, CodeTracker, IntelliJ, GitLineRange, and GitFuncName),
method change histories were collected for the 200 methods used in the original CodeShovel
study. For CodeShovel and CodeTracker, the tools were used as library dependencies, as
they are publicly available on GitHub. For IntelliJ, each project was manually imported,
the specific commits were checked out, the target files and methods were located, and
the Show History for Selection option was used to generate the method change histo-
ries. For the Git-based tools, shell commands namely git log <commit> --no-merges -L
:<funcname>:<file>and git log <commit> --no-merges -L <start>,<end>:<file> were

executed to collect method histories. Finally, the method change histories from all five tools
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were aggregated into a unified commit history, producing a union of the commit histories
of all tools. The missing commits mentioned earlier were also added. The commit histo-
ries were then sorted in reverse chronological order by their commit timestamp. Next, each
method change commit was manually inspected to verify its logical validity by comparing
it with its parent commit. This process is repeated iteratively for each subsequent commit
until all commits have been thoroughly examined. At the end of this process, a complete
and accurate method history oracle was obtained for the 200 methods. These 200 methods

are referred to as the corrected CodeShovel oracle.

3.3.2 Constructing the HistoryFinder Oracle

The HistoryFinder oracle was created from 20 additional open-source Java projects selected
from GitHub. To ensure high-quality projects [97], popular projects were selected based on
a high number of stars and forks. Each project was also required to have at least 2,000
commits so that enough method change commits could be found for the selected methods
from these projects. Table 3.1 presents the list of selected projects along with their number of
commits, Java files, methods, and their respective star and fork counts. From each project,
10 methods were randomly selected, recording their file names, method names, and start
and end line numbers, resulting in a total of 200 methods. The same approach described in
section 3.3.1 was then followed to generate the change history oracle for this new set of 200

methods.

3.4 Developing the HistoryFinder Tool and Algorithm

The first, third, and fourth authors collaboratively designed the HistoryFinder algorithm
through multiple Zoom meetings. The first author has 8+ years of industry experience; the
third has 144 years in industry and 34 in research; and the last has 1 year in industry

and 15 years in research. During these sessions, they analyzed the strengths and limitations
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Table 3.1: Overview of the 20 Java repositories used for the HistoryFinder oracle, including
commit counts, source files, methods, and popularity metrics (stars and forks).

Repository # Commits # Files # Methods # Stars # Forks
auto 2,570 317 4,211 10,441 1,202
cassandra 31,705 4,926 76,475 8,913 3,641
dagger 5,592 1,436 8,043 17,467 2,019
dubbo 9,428 3,713 28,365 40,581 26,442
fastjson 7,216 2,997 19,239 25,761 6,498
glide 3,395 724 8,804 34,718 6,128
guice 2,444 615 6,981 12,521 1,673
Hystrix 2,354 415 6,436 24,160 4,708
j20bjc 6,314 5,119 106,062 5,998 972
jenkins 37,342 1,779 21,660 23,363 8,834
jmeter 32,202 1,526 16,138 8,468 2,116
kafka 20,356 4,632 62,991 29,077 14,030
MPAndroidChart 2,074 223 2,447 37,694 9,027
netty 19,625 1,973 22,902 33,578 15,974
pulsar 20,639 4,153 44,183 14,323 3,601
rocketmq 8,918 1,581 17,155 21,361 11,727
RxJava 7,698 1,884 33,994 47,951 7,602
shardingsphere 43,769 7,765 34,921 20,035 6,775
tomcat 77,289 2,705 42,021 7,619 5,062
zxing 3,816 499 3,293 32,923 9,365

of two existing approaches, CodeShovel and CodeTracker, which guided the design of their
new algorithm. Their analysis revealed that while CodeTracker is generally more accurate
than CodeShowvel, it suffers from significantly slower runtime performance. This is primarily
due to its dependence on RefactorMiner, whereas CodeShovel uses a simpler, faster string-
matching algorithm. To balance accuracy and efficiency, HistoryFinder adopts CodeShovel’s
lightweight string-matching approach but improves upon it with a more precise method-

tracking strategy. The main algorithmic differences are as follows.

e In Phase 2 of the CodeShovel algorithm, the first method with body similarity > 0.75
is selected, without checking for a matching signature. This can lead to tracking an

extracted method instead of the original. In contrast, HistoryFinder first checks for a
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matching signature and resorts to body similarity only if none is found.

When the method is not found in the same file, CodeShovel performs two phases: first,
it looks for methods with the same signature (even with low body similarity), then for
methods with high body similarity. During the training phase, a method in a different
file with the same signature but low similarity was observed to not necessarily be the
same method. Merging these phases—directly searching for highly similar methods

without checking the signature—improves precision.

Additionally, in Phase 4, CodeShovel compares all methods across modified files, which
is not only time-consuming but can also lead to incorrect matches, especially in the
case of method overloading. This issue was addressed by filtering out methods that
were unchanged in both commits, as such methods cannot be the ones of interest. Also,
CodeShovel returns the first score exceeding the threshold, which is problematic when
a more similar method exists. To alleviate this issue, HistoryFinder returns the best

matching method passing the similarity threshold.

HistoryFinder also improved some of the technical weaknesses that CodeShovel has. For

example, during development, if code is merged without rebasing, conflicts can arise when a

method is modified concurrently in different branches. The resolution of these conflicts may

introduce changes to the method’s history that must be considered. CodeShovel, however,

excludes merge commits and ignores changes introduced during merges. In this approach,

merge commits are included, and the method’s state is compared with each parent commit,

allowing accurate detection of any changes introduced from either parent branch. More-

over, CodeShovel does not account for formatting changes, annotation, or JavaDoc updates,

whereas HistoryFinder does. Another limitation of CodeShovel is its case-insensitive string-

matching algorithm. This approach can be problematic, especially when comparing quoted

string literals within a method body, as it may overlook subtle but important differences

that could influence the method’s behavior.
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3.4.1 Overview of HistoryFinder

The HistoryFinder tool needs several key inputs to trace the history of a method. These
include the Git repository URL or local directory, a specific commit hash (SHA), the file
path of the method (including the file name), the name of the method, and the line number
where the method declaration begins. The output is a sequential list of commit hashes, each
accompanied by relevant metadata. This metadata provides granularity of changes, such
as changes to the method signature, body, and annotations, and identifies the contributor
responsible for each modification. When executed via the command line, the output is saved
as a JSON file.

The implementation utilizes the JGit library?>—a Java-based Git implementation—for
repository cloning, commit traversal, and fine-grained file operations, including detection
of added, deleted, moved, and modified files across revisions, and employs JavaParser® to
generate an Abstract Syntax Tree (AST). Once the AST is constructed, it allows traversal
through the list of methods in the file and extraction of specific components, such as the
method signature, body, annotation, and JavaDoc. For method comparison, the implemen-
tation uses the Jaro-Winkler edit distance [144] score similarity, as in CodeShovel, between
method signatures and bodies. Although SimHash [145] was also tested for similarity match-
ing, Jaro-Winkler consistently provides better recall than SimHash.

When the commit history is interpreted as a hierarchical graph structure, all commits
leading up to a specific point in a Git project form a Directed Acyclic Graph (DAG) [146],
representing the project’s complete commit history to that point. To identify all commits
that modified a method up to a given version (e.g., the starting commit), the DAG is
traversed backward—from the target commit to its ancestors—until the commit where the
method was originally introduced is reached. During this traversal, if a commit has a single

parent, the method in the current commit is compared with its counterpart in the parent

Zhttps://github.com /eclipse-jgit /jgit last accessed: Jul 01, 2025
3https://github.com/javaparser /javaparser last accessed: Jul 01, 2025
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commit to detect changes. In the case of merge commits with multiple parents, the method
may exist in any of the parent commits. Given that a project may contain thousands of
commits (as shown in Table 3.1), traversing the entire DAG can be time-consuming. To
optimize this process, HistoryFinder leverages the git log <commit> <file> command,
which filters the commit history to only those that modified the file containing the target
method. This significantly reduces the search space, allowing traversal of a lightweight, file-
specific DAG to detect method changes efficiently. However, if the method has been moved
to a different file or the file itself has been renamed, a new DAG must be reconstructed from

that point onward using the new file path.

3.4.2 The HistoryFinder Algorithm

Algorithm 1 outlines how the file-specific DAG is constructed and traversed to detect the
change history of a method. The procedure HistoryFinder is initially invoked with the
starting commit, file path, method name, and its starting line number. It may be invoked
recursively if the method is detected to have moved to a different file or if the file itself
has been renamed. To build the DAG, the utility procedure GITLOG is first called (line
2), which internally executes the git log <commit> <file> command. This retrieves only
the commits that have modified the target file containing the method. Using these filtered
commits, a directed acyclic graph G is constructed, where each node represents a commit
that changed the file. In the DAG, an edge is drawn from node u to node v if the file is
modified in commit u, followed by in commit v, establishing a direct connection between
them. Once the DAG is constructed, it is traversed using the Breadth-First Search (BFS)
algorithm [147] to systematically explore all relevant commits.

Queue ) keeps track of all discovered commit nodes that need to be explored. To
unambiguously locate the target method in a commit, each commit node is represented by
a structure containing the commit hash, file path, method name, and line number, created

by invoking Create (line 3 for the initial node) procedure. The queue @ is initialized with
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the starting node (line 4), which is also the only entry in the set visited to mark it as
explored. Whenever a change to the method is detected, it is recorded in the history list H,
which is initially empty (line 6). The while loop iterates through all discovered nodes. In
each iteration, an unexplored commit node u is dequeued from the head of @ (line 8). The
method already found in commit node u is located by calling the procedure Find (line 9),
which takes the commit hash, file, method name, and line number as parameters, accessed
using dot notation. Next, the parent node p of u is retrieved (line 10), where the method
might be found. From lines 11 to 18, the algorithm checks whether the method exists in the
direct parent commit p, accounting for possible modifications.

The algorithm first tries to locate the method by matching its signature (line 11), in-
cluding the method name and parameters, but excluding the return type. If the signature
match fails, it attempts to locate the method by the textual similarity of its body (line 14),
considering a match valid if the similarity is at least 70%. If the method still cannot be
found, the search expands to other modified files (line 16), raising the similarity threshold
to 75% in this case. If the method is found in a different file—due to a method move or a
file rename/move—the new file path is recorded in altFile. When the method is located
through any of the above mechanisms (line 19), the algorithm checks whether the methods
(from the current and parent commits) are identical, including their signatures, JavaDocs,
annotations, or whether the file has been renamed or moved (in which case altFile should
not be NIL) (line 20). If any change is detected—either in the method or in the file name or
path—this change is recorded by invoking the Add procedure (line 21).

If the method is found in another file, a new DAG must be reconstructed for that file. To
do so, the HistoryFinder procedure is recursively called (line 24), returning a sub-history
that is appended to H (line 25). If the method is instead found within the same file (line
27), all immediate ancestor commit nodes are processed. In this case, all adjacent ancestor
commit nodes of u that have not yet been visited are added to the visited set (line 30) and

enqueued (line 33). The method name (line 31) and line number (line 32) are also updated
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Algorithm 1: HistoryFinder Algorithm

1 procedure HistoryFinder (hash, file, name,line):

© 0 N O oo~ W N

-
o

11
12
13
14
15
16
17

18

19
20
21
22

23
24
25

26

27
28
29
30
31
32
33
34
35
36
37
38
39

Input: hash: Start commit hash
file: File containing the method
name: Method name
line: Start line of the method
Output: Change history of the input method

G + GrrLoG(hash, file); // Build file-level DAG
s < CREATE(hash, file,name, line);

Q + {s}; // Initialize queue with start node
visited < {s}; // Track visited nodes
H « 0; // Initialize with empty method history

while @ # () do
u < DEQUEUE(Q);
um < FIND(u.hash, u.file, u.name, u.line);

p < PARENT(G, u) ; // Direct parent commit

// Search method by signature, body in original file, then body in other
files

m < SIGNATUREMATCH(p, file, um);

altFile < NIL; // Track method/file move

if m == NIL then
m < BODYMATCH(p, file,um,0.70);
if m == NIL then
‘ m, alt File « ALTFILEMATCH (u.hash, p, um);
end if
end if

// Method found in original/other file
if m # NIL then
if um.text # m.text or altFile # NIL then
| ADD(H,u) ; // Record method change
end if
// Continue tracking in the new file
if altFile # NIL then
sH <+ HISTORYFINDER(m.hash, m.file, m.name, m.line);
ADDALL(H,sH) ; // Append sub-history
end if
// Enqueue unvisited ancestor commits
if m # NIL and altFile == NIL then
foreach v € G.Adjlu] do
if v ¢ visited then
ApD(visited, v);
v.name — m.name;
v.line < m.line;
ENQUEUE(Q, v);

end if
end foreach
end if
end if
end while
return H;

40 end procedure
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Algorithm 2: Utility Procedures for Method Matching

1 procedure SignatureMatch(hash, file,tm):

11
12
13
14
15
16
17
18
19
20
21

22

23

24
25
26
27
28
29
30
31
32
33
34
35
36

Input: hash: Commit hash

file: File containing methods

tm: Target method
Output: Matching method or NIL if not found
methods < PARSEMETHOD(hash, file);
foreach m € methods do

if m.signature == tm.signature then
‘ return m ; // Return matching method
end if
end foreach
return NIL ; // No matching method found

end procedure

p

p

rocedure BodyMatch(hash, file,tm,threshold):
Input: hash: Commit hash
file: File containing methods
tm: Target method
threshold: Similarity threshold for matching
Output: bm: Best matching method meeting threshold
bs: Similarity score of the best match
methods <~ PARSEMETHOD(hash, file);
bm < NIL ; // Initialize best matching method
bs <0 ; // Initialize highest similarity score
foreach m € methods do
score <— SIMILARITY (m.text, tm.text);
if score >= threshold and score > bs then

bm < m ; // Update best matching method
bs < score ; // Update highest similarity
end if

end foreach
return bm, bs;

end procedure

rocedure AltFileMatch(hash, parentHash,tm):
Input: hash: Commit hash

parentHash: Parent commit hash
tm: Target method
Output: bm: Best matching method
altFile: File containing the best matching
changeF'iles < FINDCHANGEFILES(hash, parentHash);

bm < NIL ; // Initialize best matching method
bs <0 ; // Initialize highest similarity score
altFile < NIL ; // Best method matching file

foreach file € changeFiles do
m, s < BODYMATCH (parentHash, file,tm,0.75);
if s > bs then
bm < m;
bs < s;
altFile « file;
end if
end foreach

return bm, altFile;

37 end procedure
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to reflect the newly found version, so that it can be retrieved accurately when this node is
dequeued later. Once all nodes have been processed, the resulting sequence of commit nodes
captures the method’s change history in H. Additionally, the furthest node dequeued from
the queue (Q is added as the introduction commit, since this is the earliest known instance
of the method.

Algorithm 2 defines the utility procedures used to compare and match methods based
on textual similarity. The procedure SignatureMatch attempts to locate the target method
within a Java file at a specific commit. Line 2 parses all methods in the file using JavaParser,
and lines 3 to 7 iterate over these methods, comparing each one’s signature with the target
method. If a matching signature is found, the corresponding method is returned (line 5);
otherwise, NIL is returned (line 8). The next procedure, BodyMatch (line 10), identifies a
method based on the highest body similarity with the target method, provided it exceeds a
specified similarity threshold. A threshold of 70% is used when comparing methods within
the same file, and 75% when comparing across different files. Line 11 parses all Java methods
in the file provided as input. The variable bm (line 12) tracks the best matching method,
while bs (line 13) stores the corresponding similarity score. Line 14 iterates over all parsed
methods, and the Similarity procedure (line 15) computes the similarity between the cur-
rent method and the target method using the Jaro-Winkler algorithm [144]. If the computed
similarity meets the threshold and is greater than the current best score bs, both the score
and the best matching method are updated (lines 16-19). Finally, the best matching method
along with its similarity score is returned (line 21).

The procedure A1tFileMatch attempts to locate the target method in all files that were
modified in a given commit. It begins by listing all modified files using the FindChangedFiles
procedure (line 24). Lines 25 to 27 initialize variables to track the best matching method,
its similarity score, and the corresponding file path. Each modified file is then iterated (line
28), and the best matching method within each file is identified (line 29). If a method with a

higher similarity score is found, the method information is updated accordingly (lines 30-34).
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Finally, the method with the highest similarity score and the new file path are returned (line
36). Similar to the CodeShovel algorithm [45], the first 100 methods from the corrected
CodeShovel oracle were used to train the algorithm and determine the optimal thresholds

for body similarity within the original and other files.

3.5 Analysis and Results

This section compares the corrected CodeShovel oracle with the original CodeShovel and
CodeTracker oracles. It then evaluates the accuracy and runtime efficiency of all method
change history generation tools using the corrected CodeShovel and the newly developed

HistoryFinder oracles. In particular, it answers the following three research questions.

e RQ1: To what extent does the corrected CodeShovel oracle differ from the original

oracles?

e RQ2: Which history generation tool exhibits the highest accuracy when evaluated

with the two new oracles?

e RQ3: Which history generation tool exhibits the best runtime performance?

3.5.1 RQ1: Difference with the corrected CodeShovel oracle

After correcting the 200 method histories in both the CodeShovel and CodeTracker oracles,
the new systematically constructed oracle—the corrected CodeShovel oracle—was compared
with the original CodeShovel and CodeTracker oracles, revealing significant updates. Ta-
ble 3.2 provides a detailed breakdown of the changes. It shows how many methods were
changed, commits were added, and removed. A method is considered changed if the new
oracle has a different set of commits than the original. A commit is considered added if it
was not present in the original oracles, and removed if it was inaccurately included. For

example, the last column shows that the CodeTracker oracle has fewer inaccurate commits
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Table 3.2: Comparison between the corrected and original oracles. As the corrected oracle
includes changes related to annotations, JavaDocs, and formatting, the differences are shown
both including (Incl.) and excluding (Ezcl.) those changes.

# Methods # Commits
Oracle # Changed # Added # Removed
Incl. Excl. Incl. Excl.
CodeShovel 142 40 429 59 186
CodeTracker 133 43 445 134 67

(67) than the original CodeShovel oracle. In contrast, it missed many commits that should
have been recorded as change commits for those 200 methods, as shown in the # Added
column.

Compared to the original CodeShovel oracle, the histories of 40 methods were modified,
with 59 commits added and 186 remowved. These changes exclude annotations, JavaDocs,
and formatting—omitted by the original CodeShovel and CodeTracker oracles, though Code-
Tracker did include annotations. When these types of changes were included, 142 method
histories were affected, and 429 commits were added. Significant changes were also observed
when compared with the CodeTracker oracle. These changes suggest that the previous eval-
uations of method tracing tools (e.g., CodeShovel and CodeTracker) may not reflect the true
precision and recall of these tools in tracing a method’s change history.

To illustrate inaccuracies in both the CodeShovel and CodeTracker oracles, several cases
are highlighted. One representative example is the fireErrors method from the checkstyle
project. Both the CodeShovel* and CodeTracker® oracles record this method’s history begin-
ning from commit 119fd4, where the method resided in src/main/java/com/puppycrawl/
tools/checkstyle/Checker.java. However, both oracles incorrectly identified commit
0e3fe as the method’s introduction, whereas it was actually introduced earlier in com-

mit 0£d69 (the method name was displayErrors and was later renamed to fireErrors).

4https://github.com/SQMLab/HistoryFinder/blob/main/oracle/codeshovel-oracle/checkstyle-Checker-
fireErrors.json

Shttps://github.com/SQMLab/HistoryFinder /blob/main/oracle/codetracker-oracle/checkstyle-Checker-
fireErrors.json
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https://github.com/SQMLab/HistoryFinder/blob/main/oracle/codetracker-oracle/checkstyle-Checker-fireErrors.json

This error was recently corrected in the CodeTracker oracle; however, the evaluation was
conducted using the original published version, where the issue was present.

In another case (createPattern method) in the CodeShovel oracle®, while saving the
history of an overloaded method, the history failed to stop at the point where the overloaded
method was introduced and inaccurately switched to tracing the original of the overloaded
method, resulting in incorrect method changes in the oracle. Another challenge arises when
handling merge commits. While the CodeShovel oracle completely ignored changes that
occurred in merge commits, the CodeTracker oracle occasionally added incorrect method
changes. An example of this issue occurs in the runChild method of the junit4 project.
Although the diff” appears to show a method change, it is incorrect—the commit has two
parents,® and the comparison was made against the wrong parent.? In reality, the code was

introduced from the other branch!'® without any modification.

RQ1 summary: Both the CodeShovel and CodeTracker oracles contain inaccuracies

in their constructed method histories. The updated, more accurate oracle can serve
as a valuable resource for effectively evaluating both existing and future method-level

change history generation tools.

3.5.2 RQ2: Accuracy of the change history generation tools

The accuracy of six method change history generation tools, including the newly proposed

HistoryFinder, is evaluated next. This evaluation uses the corrected CodeShovel oracle (200

Shttps://github.com/checkstyle/checkstyle/compare/d2551035044a845fd1b3e345f2470875a43a8991...
2¢6263e151e8a7300755b36fbb41511c0alccal#diff-1b66e778c19cacbac2beaecdd6a74c8c37abfd83d39db4dbef
8c1b60b9ec68cle last accessed: July 3, 2026

Thttps://github.com /junit-team /junit4/compare/8ff0b44e3fb0c1c56aldc6290c3b6828a5a8f9bf. ..
bed58a573¢373d57d64fa369f58b2a8f0dbee3d 7#diff-cd3bb9170f8d6404c5dc5bb66f7b647435854d48fe357e0bd
998e3011a575929 last accessed: July 3, 2026

Shttps://github.com /junit-team /junit4/blob,/a49240ade1974b948b20cf2c45d9129£04122735
/src/main/java/org/junit /runners/BlockJUnit4ClassRunner.java#L64 last accessed: July 3, 2026

9https://github.com /junit-team/junit4/blob/708ed373c02b467422890d5163fff46d1f32ab01
/src/main/java/org/junit/runners/BlockJUnit4ClassRunner.java#L66 last accessed: July 3, 2026

Ohttps://github.com/junit-team /junit4/blob/9d8bb069f68e2194db742981972c8930381b62c2
/src/main/java/org/junit /runners/BlockJUnit4ClassRunner.java#L65 last accessed: July 3, 2026
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https://github.com/junit-team/junit4/compare/8ff0b44e3fb0c1c56a1dc6290c3b6828a5a8f9bf...bed58a573c373d57d64fa369f58b2a8f0dbee3d7#diff-cd3bb9170f8d6404c5dc5bb66f7b647435854d48fe357e0bd998e3011a575929
https://github.com/junit-team/junit4/compare/8ff0b44e3fb0c1c56a1dc6290c3b6828a5a8f9bf...bed58a573c373d57d64fa369f58b2a8f0dbee3d7#diff-cd3bb9170f8d6404c5dc5bb66f7b647435854d48fe357e0bd998e3011a575929
https://github.com/junit-team/junit4/blob/a49240ade1974b948b20cf2c45d9129f04122735/src/main/java/org/junit/runners/BlockJUnit4ClassRunner.java#L64
https://github.com/junit-team/junit4/blob/a49240ade1974b948b20cf2c45d9129f04122735/src/main/java/org/junit/runners/BlockJUnit4ClassRunner.java#L64
https://github.com/junit-team/junit4/blob/708ed373c02b467422890d5163fff46d1f32ab01/src/main/java/org/junit/runners/BlockJUnit4ClassRunner.java#L66
https://github.com/junit-team/junit4/blob/708ed373c02b467422890d5163fff46d1f32ab01/src/main/java/org/junit/runners/BlockJUnit4ClassRunner.java#L66
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https://github.com/junit-team/junit4/blob/9d8bb069f68e2194db742981972c8930381b62c2/src/main/java/org/junit/runners/BlockJUnit4ClassRunner.java#L65

methods) and the new HistoryFinder oracle (another 200 methods). The CodeShovel oracle
is divided into two parts: CodeShovel Training and Testing oracles. This distinction is
important, as both the CodeShovel and HistoryFinder algorithms were trained and tuned
using the training portion of the CodeShovel oracle. The three research-based tools were run
as Java libraries to extract method histories and compute accuracy metrics. For Git-based
tools, the command git log <commit> --no-merges -L :<funcname>:<file> was used
to generate method histories for GitFuncName, which tracks changes by function name, and
git log <commit> --no-merges -L <start>,<end>:<file> was used for GitLineRange,
which tracks changes by line range. In contrast, for IntelliJ, IntelliJ IDEA 2024.3 Community
Edition was used to manually generate method histories (Right-click — Git — Show
History for Selection), as no automated approach exists for running IntelliJ’s method
tracking feature.

Precision, recall, and F1 score were calculated for all the tools against the three oracles.
Since tools differ in the types of changes they detect (e.g., CodeShovel ignores annotations,
Code Tracker ignores formatting), the expected commit sets were tailored to match each tool’s
capabilities, ensuring a fair and meaningful comparison. The tools” accuracy is evaluated at
two granularities: commit-level and method-level. At the commit-level, precision, recall, and
F1 scores are computed by aggregating true positives (TP), false positives (FP), and false
negatives (FN) across each oracle, based on the total expected commits. At the method-level,
metrics are computed per method and averaged across each oracle.

Table 3.3 shows that all research-based tools—CodeShovel, CodeTracker, and Histo-
ryFinder—significantly outperform IntelliJ and Git-based tools. Overall, HistoryFinder
achieves the highest F1 score. In terms of precision, HistoryFinder and CodeTracker slightly
outperform CodeShovel. For recall, CodeShovel performs best on its own training oracle;
however, on the other two oracles, HistoryFinder achieves the highest recall. CodeShovel’s
notably lower recall on the HistoryFinder oracle is primarily due to its failure to generate

the complete history for several methods. For example, it was unable to produce complete
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Table 3.3: Precision, recall, and F1 score for method history tracking tools across three ora-
cles. TP (True Positives) indicates correctly identified change commits; FP (False Positives)
refers to incorrectly included commits; FN (False Negatives) denotes missed commits that
should have been identified.

Commit-Level Method- Level
Oracle Tool
TP FP FN Precision Recall F1 Precision Recall F1
CodeShovel 2813 158 28 94.68 99.01 96.80 94.79  99.31 95.86
CodeTracker 2804 32 76 98.87 97.36  98.11 98.99 96.98 97.52
CodeShovel Training HistoryFinder 3047 6 67 99.80 97.85 98.82 99.68 98.15 98.53
IntelliJ 2146 402 919 84.22 70.02  76.47 85.16 75.08  73.40
GitLineRange 2197 1135 787 65.94 73.63 69.57 77.94 76.32  68.29
GitFuncName 1749 1166 1261 60.00 58.11  59.04 72.93 62.03 54.88
CodeShovel 812 25 38 97.01 95.53  96.27 97.40 95.70  95.54
CodeTracker 811 35 63 95.86 92.79  94.30 97.59 94.36  94.76
CodeShovel Testing HistoryFinder 938 10 7 98.95 99.26 99.10 99.15 99.24 99.15
IntelliJ 685 239 249 74.13 73.34  73.74 85.14 72.58 73.78
GitLineRange 609 288 279 67.89 68.58  68.24 87.48 70.02 72.31
GitFuncName 579 393 331 59.57 63.63 61.53 77.85 65.34  65.35
CodeShovel 2095 147 394 93.44 84.17 88.56 95.68 86.45 85.82
CodeTracker 2354 88 168 96.40 93.34 94.84 94.43 91.24 94.14
HistoryFinder HistoryFinder 2835 106 48 96.40 98.34 97.36 96.49 96.81 97.00
IntelliJ 2185 1530 637 58.82 77.43  66.85 75.99 81.38  75.80
GitLineRange 2032 2112 616 49.03 76.74  59.84 77.64 82.98 75.50
GitFuncName 1858 2638 835 41.33 68.99 51.69 65.08 72.67  59.50

histories for all 10 methods from the Cassandra project. Additionally, it failed entirely for
two methods in the Fastjson project due to JavaParser errors that prevented successful
file parsing. Overall, across all three oracles, HistoryFinder demonstrates the most con-
sistent and superior performance. Results at the method-level scores closely correlate with
commit-level scores, with minor variations. For instance, CodeShovel’s precision against
the HistoryFinder oracle is approximately 2% higher at the method-level compared to the
commit-level. The Wilcoxon rank-sum test [148] also shows that the observed accuracy gain

with HistoryFinder is statistically significant (P < 0.05).
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RQ2 summary: The HistoryFinder algorithm consistently achieves the highest pre-

cision and F1 score in change history detection. Between CodeShovel and Code Tracker,
performance varies depending on the scenario. Notably, CodeShovel’s recall drops sig-
nificantly on the entirely new oracle of 200 methods, mainly because it fails to generate
the full or any history for a subset of methods. Given these findings, researchers or
practitioners who prioritize accuracy should consider HistoryFinder the most reliable

option.

3.5.3 RQ3: Runtime performance of the change history genera-

tion tools

The tools were executed in a controlled environment on a machine equipped with 32GB of
RAM, an Intel(R) Core(TM) i7-8700 CPU @ 3.20GHz with 12 cores, running Ubuntu 22.04
LTS and Java 21 z86. Execution time for IntelliJ was not recorded since method histories
were generated manually from IntelliJ IDEA, making it infeasible to measure the time.
Prior to recording execution time, all repositories were cloned to a local persistent storage.
Initially, the JAR dependencies of the research-based tools were integrated. However, caching
of parsed Java files across multiple method history runs—particularly in CodeShovel—was
observed to significantly reduce the runtime. While this optimization benefits batch process-
ing, it does not yield deterministic or representative runtimes for tracing individual methods.
To ensure a fair comparison, each tool was instead executed independently for each method
history using the java -jar command. This approach ensured that each method’s history
was processed in isolation within a fresh environment, by launching a separate JAR process
for each run and terminating it upon completion. Please note that due to the deterministic
nature of the evaluated tools, the difference in execution times in multiple runs for a given
tool is negligible.

Figure 3.2 shows the distribution of execution times for all five tools across the three or-
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Figure 3.2: Comparison of execution times across three oracles for five tools. To enhance
readability, the y-axis is limited to 20 seconds for the first two subplots (CodeShovel oracles)
and 50 seconds for the third subplot (HistoryFinder oracle).

acles, while Table 3.4 presents the mean, median, minimum, and maximum execution times.
Excluding outliers, HistoryFinder demonstrates the lowest execution times among the three
research-based tools. In general, CodeTracker is the slowest in constructing method change
history. Across all tools and oracles, the minimum execution time consistently remained
below one second. However, for the research-based tools, although the mean and median
execution times are slightly higher in the HistoryFinder oracle compared to the CodeShovel
oracle, the difference in maximum execution time between these two oracles is unexpectedly
large.

To understand the factors contributing to the increased runtime in the HistoryFinder
oracles, cases with unusually high execution times were manually examined. Prolonged
runtimes were often linked to a high frequency of changes in the file containing the target
method, regardless of whether the method itself was modified. In such cases, parsing a high
number of Java files using the JavaParser was particularly time-consuming. Profiling of the
tools revealed that, for methods with high execution times, over 80% of the total runtime was
typically spent on parsing alone, thereby significantly increasing the computational overhead.
Repositories like Kafka, Cassandra, Jenkins, and Pulsar frequently exhibited these patterns,
and these types of projects are more prevalent in the HistoryFinder oracle compared to the
CodeShovel oracle.

CodeTracker exhibited significantly high execution times when a method or its enclos-
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Table 3.4: Execution times (in seconds) for the five tools. IntelliJ is excluded because of the
need for manual execution.

Oracle Tool Mean Median Min Max

CodeShovel 3.93 3.38 0.22 13.63

CodeShovel CodeTracker 8.71 545 0.64 76.80

. HistoryFinder  2.51 2.15 0.59 10.48
Training

GitLineRange 0.50 0.35 0.07 4.23

GitFuncName 0.26 0.24 0.02 0.83

CodeShovel 4.55 2.86 0.49 26.08

CodeShovel CodeTracker 9.29 542 0.68 63.34

. HistoryFinder 2.85 2.15 0.57 20.78
Testing

GitLineRange 2.13 0.80 0.11 18.93

GitFuncName 1.57 0.61 0.07 18.94

CodeShovel 7.74 3.88 0.15 74.49

CodeTracker 30.41 7.56 0.76 693.66

HistoryFinder HistoryFinder 7.32 3.47 0.49 106.64

GitLineRange 0.69 0.38 0.04 6.66

GitFuncName 0.41 0.21 0.03 1.96

ing file was moved in a commit that also modified many other files—a pattern observed
in repositories such as Netty and ShardingSphere. In contrast, CodeShovel’s maximum ex-
ecution time on the HistoryFinder oracle was much lower than that of CodeTracker and
HistoryFinder. However, this lower runtime is primarily due to CodeShovel failing to gen-
erate complete histories for many complex methods with extensive change histories—cases
where both CodeTracker and HistoryFinder succeeded.

The Git-based tools, in contrast, did not exhibit high execution times in the Histo-
ryFinder oracle. Their maximum execution times were also significantly lower than those of
the research-based tools. This lower runtime is primarily due to two factors: (i) Git-based
tools operate using git log without relying on language-specific parsers. Instead, they
track line-level changes, making their execution comparatively lightweight; and (ii) similar
to CodeShovel, these tools often failed to recover the complete change histories of complex

methods. As a result, their efficiency comes at the cost of significantly lower precision and
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recall compared to their research-based counterparts, as also reflected in Table 3.3.

7

RQ3 summary: Git-based tools exhibit the lowest execution times, but this effi-

ciency comes at the cost of significantly reduced accuracy. Among research-based tools,
HistoryFinder strikes the best balance of speed and accuracy, while CodeTracker, the
second most accurate, shows the highest and most variable runtimes. Overall, Histo-

ryFinder is the most reliable choice for those prioritizing accuracy and speed.

3.6 Discussion

Due to its practical importance, method-level maintenance research has gained significant
traction in recent years, making accurate method-level change history generation increas-
ingly critical. The goal was to assess whether existing tools for generating method-level
change histories produce accurate and complete results when evaluated against rigorously
constructed oracles, and to identify which tool offers the best balance between accuracy and
runtime efficiency. The results show that earlier evaluations based on the original CodeShovel
and CodeTracker oracles were inaccurate, undermining the validity of prior assessments of
tool performance (RQ1). To address this, two new oracles—the corrected CodeShovel oracle
and the new HistoryFinder oracle—were systematically constructed, offering a more reliable
benchmark that combines automated detection with expert validation.

To further address the limitations observed in both CodeShovel and CodeTracker tools,
a new algorithm and tool, HistoryFinder, was also developed to improve both the accuracy
and completeness of method change history tracking while maintaining competitive runtime
performance. When evaluated against the newly constructed oracles, HistoryFinder con-
sistently achieved the highest precision, recall, and F1 scores (RQ2) and demonstrated the
most robust performance across all oracles, including those involving challenging repositories
with extensive changes to the file containing the target method. Although the Git-based

tools delivered faster execution times, this efficiency came at the cost of substantially lower
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accuracy, making HistoryFinder the most reliable option for users prioritizing both accuracy
and reasonable runtime (RQ3). The runtime analysis also revealed that repositories with
frequent file modifications result in longer processing times for tools that rely on JavaParser.

Both the research community and practitioners can benefit from these contributions.
Researchers can leverage these oracles to train and evaluate new algorithms or improve ex-
isting method history generation tools, especially in handling complex scenarios—such as
frequent file changes, large-scale refactorings that involve method or file moves, and track-
ing changes in annotations or JavaDocs associated with methods. A graphical user inter-
face (GUI) is provided that allows both researchers and practitioners to interactively run
multiple tools—including CodeShovel, CodeTracker, HistoryFinder, GitLineRange, and Git-
FuncName—on their own selected Java methods. Users can independently compare outputs
and choose the one best suited to their needs, whether they prioritize accuracy or runtime
performance. This tool can also be integrated into a developer’s daily workflow.

In addition to the GUI, this chapter provides support for a command-line interface (CLI)
that can be used to track change histories of millions of methods for conducting research on
mining software repositories and understanding software evolution at the method level. For
example, researchers can explore why some source methods change frequently while others
remain stable, and why, when, and how bugs are introduced in source code. Additionally,
HistoryFinder can potentially be used to track test methods, given the crucial role of test
code in software quality and maintainability. The tool is also shared as a Java library for
seamless integration into larger software engineering pipelines. The complete setup and

usage instructions are provided with the shared repository.!!

3.6.1 Threats to Validity

Internal Validity. Although multiple state-of-the-art history generation tools were lever-

aged to construct the two oracles, the validation of change commits still involved human

Uhttps://github.com/SQMLab/HistoryFinder
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evaluators. To mitigate this threat, two of the authors—each with over eight years of in-
dustry experience—independently conducted the validations. Nonetheless, this threat could
be further reduced by involving additional evaluators. Similar to the C'odeShovel and Code-
Tracker tools, a key limitation of the HistoryFinder tool is its reliance on JavaParser,
which may fail when processing syntactically incorrect files—often introduced by inadver-
tent changes during development.

External Validity. Both the CodeShovel and HistoryFinder oracles were constructed
using only open-source repositories, which may limit the generalizability of the findings. It
remains uncertain whether the tools’ performance and accuracy would translate to closed-
source or industrial settings, where code characteristics and commit practices may differ.
While the HistoryFinder tool can be extended to support other programming languages
by incorporating language-specific parsers, it is unclear whether the similarity thresholds

trained for identifying method matches would remain effective outside of Java.

3.7 Conclusion and Future Work

In this chapter, the evaluation of method-level change history generation tools was revisited
by introducing two rigorously constructed oracles. These benchmarks address key limitations
in prior oracles and enable more reliable assessments of tools’ performance. The empirical
analysis shows that the newly developed HistoryFinder tool consistently outperforms existing
research-based tools such as CodeShovel and CodeTracker in terms of precision, recall, F1
score and runtime performance. Moreover, a publicly accessible, user-friendly web interface
and a command-line interface are provided so that researchers and practitioners can evaluate
tools on their own method samples, making the findings immediately actionable in both
academic and industrial settings.

Future work will extend HistoryFinder to support programming languages beyond Java.

It will also explore alternative parsing strategies—potentially language-independent solu-
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tions—as the current language-specific parser, JavaParser, has proven to be a performance
bottleneck. Additionally, future work will investigate alternative algorithms for detecting

method similarity, including those based on machine learning techniques.
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Chapter 4

Test Method Evolution: Histories,
Production-to-Test Mapping, and

Test Smells

The third contribution of this thesis builds on the method-history support developed in
Chapter 3 and applies it to test-code evolution. Rather than examining test code only at
the file or class level, this chapter analyzes how test methods evolve over time. It com-
bines method-history generation with method-level production-to-test mapping to examine
whether test methods mainly change in response to the production methods they exercise
or whether they also exhibit independent maintenance patterns.

This chapter is based on the following manuscript:

e S. Islam, A. Waseem, M. N. I. Opu, and S. Chowdhury, “Understanding Method-
Level Test Code Evolution,” manuscript under review for the proceedings of the 49th
IEEE/ACM International Conference on Software Engineering (ICSE), Dublin, Ire-
land, 2027.
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Abstract

Although recent advances in method-level history tracking enabled fine-grained studies of
production code evolution, research on test code evolution remains constrained by two chal-
lenges: the lack of validated approaches for reconstructing test method histories and limited
knowledge of the most effective techniques for method-level production-to-test mapping.
This contribution addresses both challenges to enable accurate studies of test code evo-
lution. It first evaluates state-of-the-art method history tracking tools using a manually
constructed oracle of 120 test methods from 40 open-source Java projects. It then assesses
static analysis-based production-to-test mapping techniques using existing benchmarks and a
newly created oracle. Leveraging the most suitable approaches, it conducts a large-scale em-
pirical study of test method evolution by comparing the revision frequencies of test methods
and the production methods they exercise.

The results show that nearly 55% of test methods undergo as many or more revisions
than their corresponding production methods, challenging the common assumption that test
code primarily evolves in response to production code changes. Further analysis reveals that
highly change-prone yet small test methods exhibit substantially higher concentrations of
test smells than other test methods. In general, the results demonstrate a more accurate
approach to capturing test code change history that can help future studies on test suite

evolution, test deletion and obsolescence, and automated test repairs.
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4.1 Introduction

Software evolution histories provide a rich source of evidence for understanding how soft-
ware systems change over time. Researchers use historical data to investigate refactoring
practices [149], developer collaboration patterns [150], technical debt accumulation and re-
payment [20, 151, 152], and the co-evolution of related software artifacts [50, 51]. Insights
from these studies inform the development of maintenance models and tools, including au-
tomated refactoring [153], bug prediction [154-157], change prediction [158-161], and au-
tomated technical debt repayment [162]. Beyond research, practitioners rely on evolution
histories for provenance analysis, traceability, developer onboarding, code comprehension,
and expert identification [163].

Because evolution histories are typically mined from version control systems, most prior
work has examined change at coarse levels of granularity, including commits, files, and
classes [164]. However, researchers and practitioners increasingly require more fine-grained
histories [163, 165, 166]. Class-level maintenance models, for example, are often less action-
able because locating specific issues within a large class or file is difficult [156, 163, 167].
While line-level history reconstruction has been explored [168, 169], its accuracy is limited
by spurious matches between syntactically similar lines [170, 171]. To address these limi-
tations, recent research has focused on method-level history reconstruction. Tools such as
FinerGit (JSS 2020) [172], CodeShovel (ICSE 2021) [163], CodeTracker (FSE 2022) [60], and
more recently HistoryFinder (ICSE 2026) [173] can trace methods across renames, moves,
splits, and other transformations, enabling more precise studies of change patterns, defect
proneness, and technical debt survival at the method level [20, 174, 175].

These history tracking tools, however, were developed and evaluated exclusively on pro-
duction methods. Consequently, test evolution research remains constrained by the lack of
reliable test method histories. Pinto et al. [53], for example, reported challenges recovering
test method histories because test methods are frequently renamed or moved. Bhatta et

al. [56] combined custom heuristics with RefactoringMiner [176] and extensive manual in-
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spection to identify deleted test methods, limiting scalability. Similarly, Spadini et al. [54]
relied on an unevaluated heuristic-based history construction approach when studying the
relationship between test evolution and smells. Together, these studies suggest that the ab-
sence of a validated test method history tracking remains a key obstacle for understanding
test code evolution.

Reliable test method histories, however, represent only part of the solution. Understand-
ing why test methods evolve also requires identifying the production methods they exercise.
Without such mappings, it is difficult to determine whether a test changed in response to
production code evolution or due to factors internal to the test itself, such as poor design
or test smells. Method-level production-to-test mappings would also enable more precise
studies of production—test co-evolution, which have largely been conducted at file or class
granularity [50-52]. Furthermore, they could support finer-grained detection of obsolete
tests by identifying the specific test methods affected by changes to particular production
methods [53, 55-57].

To address these methodological challenges, the following two research questions are first
answered.

RQ1: Can existing history tracking tools effectively track test method revision histories?
An oracle of 120 test-method revision histories from 40 popular open-source Java projects
was manually constructed. State-of-the-art history tracking tools originally developed for
production code are then examined to determine whether they generalize to test methods.
The results show that these tools perform well on test methods without recalibration.

RQ2: What is the most accurate approach for method-level production-to-test mapping?
In addition to existing oracles, a new oracle from 20 projects was manually constructed and
used with the combined benchmark to evaluate existing mapping approaches. The results
show that no single approach dominates: some achieve high precision but low recall, while
others favor high recall at the expense of precision.

Building on the findings from RQ1 and RQ2, test code evolution and its relationship
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with test smells are then revisited through the following two research questions.

RQ3: Are test methods revised less frequently? Using the most effective history tracking
and mapping approaches, the revision frequencies of test methods and the production meth-
ods they exercise are compared. Contrary to the common assumption, the results show that
many test methods undergo more revisions than their corresponding production methods.

RQ/: Are test smells associated with high revisions? The association between test smells
and test methods that accumulate more revisions than the production methods they exer-
cise is investigated, helping explain maintenance effort beyond what can be attributed to
production-test co-evolution. Contrary to earlier findings [54], the results show that smells
in small methods are more harmful than smells in large methods.

In summary, three primary contributions are made. First, the first systematic evaluation
of state-of-the-art method history tracking tools on test methods is provided. Second, the
existing method-level production-to-test mapping techniques are evaluated using the existing
and a new manually constructed oracle. Third, the first large-scale method-level study
enabled by these validated techniques is conducted, providing new empirical insights into
how test methods evolve relative to production methods and the role of test smells in test
evolution.

Replication Package. All data, oracles, and source code are shared to enable replication
and future research.! This package also includes the manually annotated labels, which

required approximately 180 person-hours to construct.

4.2 Related Work and Motivation

This section reviews prior research and motivates the study presented in this chapter.

thttps://github.com/SQMLab /method-co-evolution /blob/main /replication-package.md
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4.2.1 Software Evolution

The one constant in software is change [3]. Software evolution is commonly categorized
as adaptive, corrective, perfective, and preventive [4]. A substantial body of research has
examined software maintenance and refactoring activities [149, 151, 153, 177]. For exam-
ple, Bavota et al. [177] found that 42% of refactoring activities are driven by code smells.
Another major research direction focuses on understanding change- and bug-prone software
components [156, 158-161, 167, 174]. Such studies aim to identify defects early and reduce
maintenance cost, effort, and reputational risk.

In contrast to production code, relatively few studies focused exclusively on test code
evolution. A common assumption is that test code evolves primarily in response to changes in
production code [52, 178], which may render tests obsolete or redundant. Consequently, much
of the research has centered on production—test co-evolution [50-52], test obsolescence [55],
test deletion [56], and automated test repair [57].

Zaidman et al. [50] investigated whether production and test code evolve synchronously
or in separate phases, observing evidence of both patterns. Wang et al. [51] identified com-
mon factors (e.g., modified language constructs) that indicate whether a test should change
following a production code modification. Similarly, Hu et al. [178] proposed a transformer-
based approach for repairing test cases affected by production code changes. However, the
authors relied on name matching to map production and test methods, an approach that
suffers from low recall (as shown in RQ2), causing many test cases requiring repair to
be missed. Another limitation in production—test co-evolution research concerns how co-
evolution is identified. Most studies assume that when a test artifact and its associated
production artifact are modified together, or within a short temporal window, the pair rep-
resents an instance of co-evolution. However, this assumption was found to produce a large
number of false positives [52].

Pinto et al. [53] identified test repair as a primary driver of test evolution and showed

that assertion-focused repair techniques are often insufficient for handling complex real-world
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repairs. However, without any specialized tool, tracking test cases across commits proved
challenging because many test methods in their dataset were renamed or moved over time.
Bhatta et al. [56] examined why and how test methods are deleted in real-world Java appli-
cations. They found that most deleted tests are obsolete, while some others are redundant.
Interestingly, deleting approximately 20% of redundant tests reduced test suite effectiveness
by lowering coverage or mutation scores. Again, due to the lack of a specialized tool, the
authors relied on heuristics, RefactoringMiner [176], and extensive manual verification for
building their test deletion dataset. This multi-dimensional process not only limited scal-
ability but may also have affected accuracy, since RefactoringMiner exhibits relatively low
recall (54.2%) for detecting extract & move refactorings.

In a different study, Spadini et al. [54] found that test methods containing test smells are
more change- and bug-prone than those without smells. To reconstruct test method histories,
the authors assumed that two methods were identical if they shared more than 95% cosine
similarity when an exact signature match could not be found. However, the accuracy of
this assumption was not validated against ground truth, unlike more recent method-level
history tracking techniques [60, 163, 173]. Furthermore, the study did not investigate what
proportion of test method changes were induced by changes in their corresponding production
methods, a question that requires accurate method-level production-to-test mapping.

Taken together, these studies suggest that accurately tracking test method histories and
establishing production-to-test mappings at the method level are crucial for an accurate un-

derstanding of test code evolution.

4.2.2 Method-level history generation

Early tools such as Historage [179] and FinerGit [172] relied on Git-based mechanisms and
required expensive offline preprocessing. CodeShovel [163] addressed this limitation by gen-
erating method histories on demand using a string-similarity-based tracking algorithm. How-

ever, a follow-up study by Jodavi et al. [60] identified limitations in both CodeShovel’s algo-
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rithm and the oracle used for its evaluation. They subsequently proposed CodeTracker [60],
which leverages RefactoringMiner [176] to track method histories and demonstrated im-
proved accuracy on a corrected benchmark. More recently, Islam et al. [173] revisited both
method-history generation and its evaluation. They showed that existing tools were as-
sessed using inaccurate ground-truth oracles and constructed a new, systematically devel-
oped benchmark for evaluation. Using this benchmark, they reevaluated prior approaches
and introduced HistoryFinder, which achieved the best overall trade-off between tracking
accuracy and execution time.

Unfortunately, these high-performing tools— CodeShovel, CodeTracker, and HistoryFinder—were
developed and evaluated exclusively on production methods. As test code differs substantially
from production code in many aspects [50, 180, 181], it remains unclear whether the string-
based matching heuristics and thresholds [163, 173] that perform well for production methods

generalize to test methods without recalibration.

4.2.3 Method-level production-to-test mapping

Linking production and test code is essential for regression test selection, traceability, co-
evolution analysis, and test maintenance [62-64, 182]. However, establishing these links is
challenging, particularly at the method level [62]. Test methods often invoke helper, setup,
assertion, and utility methods in addition to the production methods they validate, causing
static and dynamic analyses to incorrectly identify incidental calls as tested methods [63, 64].

Van Rompaey and Demeyer [61] found that simple heuristics such as Naming Conven-
tions (NC), which matches test and production method names, and Last Call Before Assert
(LCBA), which identifies the last production method invoked before an assertion, achieve
high accuracy. However, these approaches are less effective when naming conventions are
inconsistent or when a test exercises multiple production methods [63, 182]. For example,
LCBA can incorrectly identify helper methods as the tested method due to assertion prox-

imity. White et al. [62] evaluated several additional linking techniques, including Naming
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Conventions Contains (NCC), which relaxes exact name matching; Longest Common Subse-
quence using both names for normalization (LCS-B) or only the production name (LCS-U);
and Levenshtein distance (Leven). They also explored Tarantula [183], which applies fault-
localization principles to identify tested methods, and Term Frequency—Inverse Document
Frequency (TFIDF), which treats tests as documents and production methods as terms. Us-
ing a manually constructed oracle from three open-source Java projects, they found that a
combined approach incorporating all techniques achieved the highest accuracy. In a later
study using an expanded benchmark, the authors showed that incorporating dynamic traces
substantially improves the accuracy of naming-based approaches [63].

Using dynamic traces, however, is challenging because projects must compile and tests
must be executable, limiting scalability for mining software repositories (MSR) studies that
analyze large numbers of projects [64]. To address this limitation, Sun et al. [64] proposed
TestLinker, a purely static approach that leverages semantic correlation learning and a pre-
trained code model. TestLinker was evaluated on an extended benchmark that added two
projects to the dataset used by White et al. [63].

Prior research showed that the relative effectiveness of competing techniques often de-
pends on the benchmark used for evaluation [174, 184], and a similar phenomenon is ob-
served here. For example, the NC heuristic achieved precisions of 100%, 100%, and 93%
in [61, 63, 64], respectively, while the corresponding recalls were 100%, 11%, and 12%. Such
variation makes it difficult to determine the most effective approach. Therefore, before ap-
plying production-to-test mapping to the 110 projects studied here, existing techniques are
systematically reevaluated using a new benchmark of 20 open-source projects, substantially

larger than the benchmarks of 3 to 6 projects used in prior studies [62-64].
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4.3 Experimental Setup

4.3.1 Project selection

For RQ1, where tools for constructing test method histories are compared, all 40 projects
used in the most recent study, HistoryFinder [173], were selected. These 40 projects subsume
the 20 projects previously used to evaluate both CodeShovel [163] and Code Tracker [60]. For
RQ2, where the ground truth for production-to-test mappings is constructed, the annotation
effort was substantially greater than for RQ1. To keep the manual effort manageable, the 20
projects used in CodeShovel and CodeTracker studies were used, rather than all 40 projects
from HistoryFinder. Despite this reduction, the benchmark is considerably larger than those
used in prior work. For example, the state-of-the-art TestLinker [64] was evaluated on only
six projects. For RQ3 and RQ4, which rely exclusively on quantitative analysis, all projects
used in recent method-level evolution studies [163, 173, 174, 185] were combined, resulting

in a dataset of 110 projects.

4.3.2 Test and production method detection

To identify all the production and test files, the standard test and production source-root
conventions were initially used. For example, in both Maven and Gradle Java projects, the
default production and test source roots are src/main/java and src/test/java, respec-
tively. Since projects can override or extend these defaults, build configuration files were also
analyzed to identify project-specific source-root declarations, such as the sourceDirectory
and testSourceDirectory elements in Maven pom.xml files and the sourceSets proper-
ties in Gradle build files. Finally, each project’s layout was manually inspected, and some
projects were found to place test files under the default production source root, especially
when an entire module is intended for testing. In these cases, the corresponding files were
considered test files.

After identifying the test files, methods within the file were classified as either test meth-
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ods or test-helper methods. Following prior work that detects JUnit tests using framework-
specific annotations and naming conventions [50, 186], methods annotated with test an-
notations were identified first. These include, for example, org. junit. jupiter.api.Test
for JUnit, org.testng.annotations.Test for TestNG, and net. jqwik.api.Property for
jaqwik. To detect pre-JUnit 4.x tests, public, parameterless void methods whose names begin
with test were identified as test methods when their declaring class extends junit.framework
.TestCase or one of its descendants. All other methods declared in test files are classified as
test-helper methods—methods that are not directly testing any production methods. This
identification was important as these methods were filtered out during production-to-test
mapping.

Files not identified as test files were labelled as production files, and all methods in those
files were extracted as production methods. Similar to prior works [159, 187, 188], getters
and setters were filtered out; these methods are often auto-generated and create noise in

software maintenance research.

4.4 Approach and Results

The approach and results of each RQ are discussed below.

4.4.1 RQ1: Evaluation of existing history generation tools

To advance research on test code evolution, it is necessary to determine whether tools de-
veloped for production code generalize to test code or require retraining and threshold re-
calibration.

Approach

The CodeShovel [163] and CodeTracker [60] studies used the same 20 popular open-source

Java projects to construct their evaluation oracles. HistoryFinder [173] later expanded this
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benchmark by adding 20 additional projects. All 40 projects were used to construct a new
oracle for evaluating test-method history generation. From each project, three test methods
were randomly selected, resulting in 120 test-method histories, slightly more than the original
CodeShovel [163] study, which used 100 methods as test data.

To construct the ground truth, the methodology of HistoryFinder [173] was followed.
Specifically, candidate change commits were collected from six history-generation tools: His-
toryFinder, CodeShovel, CodeTracker, IntelliJ, GitLineRange, and GitFuncName. The union
of all commits reported by these tools was then formed, which offers almost perfect re-
call [173], but contains many false positives. This is why, similar to [173], the first and
second authors, graduate students in software engineering with over 10 years and 1 year of
industry experience, respectively, independently reviewed each of the generated commits to
filter out the false positives, requiring ~80 person-hours. The agreement score was near per-
fect (Cohen’s Kappa of 0.98). The disagreements in 10 commits were subsequently resolved
through in-person discussion. Following prior studies [163, 173], any selected test method
with fewer than three revisions was replaced by another randomly selected test method from
the same project with at least three revisions.

Similar to HistoryFinder [173], the tools’ performance was assessed at both the commit
and method levels. At the commit level, true positives, false positives, and false negatives
were aggregated across all test methods before computing precision, recall, and F1 score. At
the method level, these metrics were computed separately for each test method and their
averages were reported. The execution time (the average of five runs) required to generate
each method history was also measured. Experiments were conducted on a machine running
Ubuntu 22.04 LTS with 32 GB of RAM, an Intel(R) Core(TM) i7-8700 CPU @ 3.20 GHz
(12 cores), and Java 21 (x86). To avoid cross-run caching effects, each tool was executed
independently for every method. Similar to [173], IntelliJ was excluded from the runtime
comparison because its histories must be obtained manually through the IDE’s built-in

history-tracking feature.
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Result

Table 4.1: Accuracy of the method-history tracking tools. TP denotes correctly identified
change commits, FP denotes incorrectly included commits, and FN denotes missed change
commits.

Tool Commit-Level Method- Level

TP FP FN Precision Recall F1 Precision Recall Fi
CodeShovel 644 3 16 99.54 97.58 98.55 99.35 97.82  98.27
CodeTracker 667 11 18 98.38 97.37 97.87 97.56 96.57 97.72
HistoryFinder 721 5 1 99.31 99.86 99.59 99.63 99.65 99.60
IntelliJ 549 180 171 75.31 76.25  75.78 87.90 76.96 79.72
GitLineRange 343 58 350 85.54 4949 62.71 92.56 51.40 61.80
GitFuncName 86 8 611 91.49 12.34 21.74 98.90 10.69 11.35

Table 4.1 shows that all three research-based tools substantially outperform the IntelliJ
and Git-based baselines. At the commit level, HistoryFinder achieves the best overall accu-
racy, attaining the highest recall (99.86%) and F1 score (99.59%). CodeShovel achieves the
highest precision (99.54%) and also performs strongly overall, with an F1 score of 98.55%.
CodeTracker follows closely with an F1 score of 97.87%. The method-level results exhibit a
similar trend.

Table 4.2 and Figure 4.1 compare the runtime performance of these tools. The Git-
based approaches achieve the lowest runtimes; however, this advantage largely stems from
terminating history tracing much earlier than the other tools, resulting in substantially
lower recall. Among the research-based approaches, HistoryFinder is the most efficient,
with the lowest mean (1.47 seconds) and median (0.63 seconds) runtimes. CodeTracker
exhibits the greatest runtime variability and the highest maximum runtime (943.93 seconds),
primarily due to its reliance on RefactoringMiner [176] for tracking refactorings. In contrast,
both HistoryFinder and CodeShovel rely on lightweight string-based similarity techniques,

resulting in lower and more stable runtimes.
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Table 4.2: Runtime of the history generation tools in seconds.

Tool Mean Median Max

HistoryFinder 1.47 0.63  37.87

CodeShovel 2.52 1.22  42.02

CodeTracker 26.53 1.14 943.93

GitLineRange 1.18 0.28 20.81

GitFuncName 0.32 0.18 3.95
129 3 20 3
1 A A A A

=
=
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Figure 4.1: Runtime of the studied tools. The y-axis is capped at 12s for readability; triangles
indicate values above the limit, with numbers showing their counts.
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RQ1 summary: Considering both accuracy and runtime, HistoryFinder is the best

tool for tracking test method change history. Overall, the results are encouraging, as
they suggest researchers can use existing tools directly without the cost of retraining

them for test methods.

4.4.2 RQ2: Production-to-test linking

To support large-scale MSR studies on test maintenance [186], this section investigates which
static production-to-test mapping approach provides the highest accuracy. This is done by
reevaluating existing approaches on both prior and newly constructed benchmarks and by

introducing two additional heuristic-based techniques.

Approach

To improve evaluation reliability, a new benchmark was constructed using the 20 projects
employed in previous method-history tracking studies [60, 163, 173]. More projects were
not included to keep the manual annotation manageable. For each project, the Java source
code was parsed using the JavaParser Symbol Solver? to construct a static call graph. For
every test method, all unique production methods reachable through direct calls formed the
candidate set. Then, 20 test methods per project were randomly selected, yielding 400 test
methods for manual annotation.

The first and second authors independently mapped production methods to their corre-
sponding test methods. This process required ~100 person-hours in total. Disagreements
on 46 test methods were resolved through discussion. During annotation, a production
method was considered a positive link only if it represented the behavior being tested.
Setup calls preceding the tested behavior and verification calls used solely to inspect re-

sults were not labeled as positive links. This distinction is not always reflected in existing

Zhttps://github.com/javaparser /javaparser /tree/master /javaparser-symbol-solver-core  last  accessed:
June 28, 2026
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benchmarks. For example, in the Commons Lang project, testSetSizeStartText exercises
setSizeStartText (null) and verifies the outcome using getSizeStartText().®> There-
fore, the getter should not be considered the production method under test, although it is
labeled as such in early datasets [63]. However, some test methods were indeed observed to
intentionally test multiple production methods. In such cases, all relevant production meth-
ods were labeled as positive links. Consequently, the benchmark contains 451 confirmed
production—test links rather than exactly 400, in addition to 3,816 non-links. The non-links
refer to methods that were invoked by the 400 test methods but were not actually tested.

At the tool level, previous approaches were found to rely on different call-graph con-
struction techniques and generally did not leverage the recent JavaParser Symbol Solver.
Therefore, using the original replication packages and author support (e.g., via email com-
munication for TestLinker [64]), existing approaches [62, 64] were modified to use JavaParser
Symbol Solver. As shown later, this modification substantially improves the performance of
all existing techniques.

Besides reevaluating prior approaches, two simple techniques are also introduced: One
Method Call (OMC) and OMC+NC. OMC removes helper methods and irrelevant external
calls (e.g., Java standard-library calls) from the candidate set and links a test method to
a production method only when a single candidate remains. The intuition is that if only
one production method is exercised, it is likely the method under test. While this strategy
favors high precision, its recall may be limited. To improve coverage, OMC+NC' takes the
union of links identified by OMC and the Naming Conventions (NC') heuristic, combining
structural and naming evidence.

Following prior production-to-test mapping studies [62-64], approaches are evaluated
at the level of unique production-test method pairs. A correctly predicted link is counted
as a true positive (T'P), an incorrect prediction as a false positive (FP), and a missed

confirmed link as a false negative (F'N). Precision, recall, and F1 score are reported, and

3https://github.com/apache/commons-lang/blob/425d8085cfcaab5a78bf0632f9ac77b7e9127cf8 /src/test
/java/org/apache/commons/lang3/builder/ToStringStyleTest.java#L91 last accessed: June 28, 2026
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Table 4.3: Production-to-test link prediction performance by dataset for all approaches.

Dataset Strategy TP FP FN Precision Recall F1 MAP AUC
LCBA 244 162 90 0.60 0.73 0.66 0.64 -

LCS-B 250 160 &84 0.61 0.75 0.67 0.70 0.76

LCS-U 227 83 107 0.73 0.68 0.70 0.70 0.81

Leven 181 59 153 0.75 0.54 0.63 0.62 0.77

NC 48 3 286 0.94 0.14 0.25 0.20 —

. NCC 122 20 212 0.86 0.37 0.51 0.41 —
TestLinker [64] ' hiula 284 322 50 047 0.85 060 0.65 0.73
TFIDF 272 235 62 0.54 0.81 0.65 0.63 0.73

Combined 233 58 101 0.80 0.70 0.75 0.74 0.86

TestLinker 192 47 142 0.80 0.57 0.67 0.66 -

OMC 69 4 265 0.95 0.21 0.34 0.30 -

OMC+NC 99 7 235 0.93 0.30 0.45 0.41 -

LCBA 210 472 241 0.31 0.47 0.37 0.39 —

LCS-B 241 592 210 0.29 0.53 0.38 0.44 0.45

LCS-U 234 410 217 0.36 0.52 0.43 0.48 0.51

Leven 168 174 283 0.49 0.37 0.42 0.37 047

NC 25 1 426 0.96 0.06 0.10 0.06 -

New NCC 132 46 319 0.74 0.29 0.42 0.30 -
Tarantula 302 998 149 0.23 0.67 0.34 0.40 0.51

TFIDF 291 870 160 0.25 0.65 0.36 0.40 0.51

Combined 235 301 216 0.44 0.52 048 0.48 0.53

TestLinker 221 126 230 0.64 0.49 0.55 0.53 —

OMC 57 14 394 0.80 0.13 0.22 0.14 —

OMC+NC 76 15 375 0.84 0.17 0.28 0.19 -

LCBA 454 634 331 0.42 0.58 0.48 0.48 -

LCS-B 491 752 294 0.40 0.63 0.48 054 0.57

LCS-U 461 493 324 0.48 0.59 0.53 0.56 0.62

Leven 349 233 436 0.60 0.44 0.51 0.46  0.59

NC 73 4 712 0.95 0.09 0.17 0.11 —

All NCC 254 66 531 0.79 0.32 0.46 0.34 -
Tarantula 586 1320 199 0.31 0.75 0.44 0.50 0.59

TFIDF 563 1105 222 0.34 0.72 0.46 0.48 0.59

Combined 468 359 317 0.57 0.60 0.58 0.57 0.66

TestLinker 413 173 372 0.70 0.53 0.60 0.57 -

OMC 126 18 659 0.88 0.16 0.27 0.20 —

OMC+NC 175 22 610 0.89 0.22 0.36 0.27 -
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ranking performance is additionally evaluated using MAP and AUC. MAP computes the
average precision of ranked candidate production methods for each test and then macro-
averages across tests. AUC summarizes the overall precision-recall tradeoff of scoring-based

approaches and is not applicable to binary-only techniques such as NC.

Result

Table 4.3 summarizes the results for all approaches across all benchmarks. The TestLinker
dataset [64] extends the earlier datasets [62, 63] by adding two projects, yielding a total of
six projects. The new benchmark contains 20 projects, while the All benchmark combines
both datasets.

Comparing the results on the TestLinker benchmark with those originally reported by
Sun et al. (Table III, static-analysis approaches [64]) shows substantial improvements across
all baselines (e.g., NC, NCC, LCBA, and LCS-B). For example, the F1 score of LCS-U
increased from 0.37 to 0.70, while the F1 score of TFIDF increased from 0.33 to 0.65.
These gains are attributable to the use of JavaParser Symbol Solver for accurate call graph
construction. We also observe that most approaches perform worse on the new benchmark
than on the TestLinker benchmark. This decline is likely due to the larger and more diverse
set of projects, which increases the probability of having more cases where developers do not
consistently follow naming conventions—a key signal leveraged by most static-analysis-based
mapping techniques.

Overall, no single approach consistently performs best across all benchmarks and eval-
uation metrics. Instead, the approaches fall into three broad categories: high-precision
approaches, recall-oriented approaches, and approaches that maintain balance between pre-
cision and recall. For example, the NC' and OMC' achieve very high precision but suffer
from low recall. In contrast, Tarantula consistently achieves high recall at the cost of sub-
stantially lower precision. Approaches such as Combined and TestLinker provide the best

balance between precision and recall and consequently achieve the highest F1 scores across
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benchmarks.

These findings indicate that the choice of linking approach should depend on the down-
stream analysis. Conservative approaches such as NC are preferable when false positives are
costly. OMC and OMC+NC provide a middle option for increasing coverage while remain-
ing precision-oriented. TestLinker and Combined are preferable when a stronger balance
between precision and recall is needed. Tarantula and TFIDF are appropriate only when

maximizing link recovery is more important than avoiding incorrect links.

RQ2 summary: There is no single best approach for linking production and test

methods. The choice of linking technique should be guided by the requirements of
the downstream analysis. Approaches such as NC and OMC+NC' are preferable when
high precision is critical, whereas Tarantula is better suited for scenarios that prioritize

high recall and can tolerate lower precision.

4.4.3 RQ3: Revision in test and production methods

Prior studies have shown that test code does not evolve as consistently as production code [50,
189]. Test maintenance often lags behind production changes, and many production-code
modifications are performed without corresponding updates to the test suite. For many
projects, fewer than 15% of commits involve test maintenance [189], and even popular open-
source projects may experience limited testing activity [190]. Furthermore, when test meth-
ods are modified, such changes are often assumed to be triggered by changes in the corre-
sponding production methods [52, 178]. While test code can evolve alone due to its own
internal problems, such as smells, that is also true for production code. Collectively, these
observations suggest that test code should evolve less frequently than production code. In
this section, accurate method-level history tracking (RQ1) and mapping (RQ2) are leveraged
to empirically evaluate this assumption by comparing the revision characteristics of test and

production methods.
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Approach

As HistoryFinder achieved the best performance for tracking both production code [173] and
test code (RQ1), it was used to collect revision histories for all methods in the 110 projects
described in Section 4.3. After filtering helper test methods as well as getter and setter
methods from the production code (Section 4.3), the revision histories of 1,760,423 produc-
tion methods and 567,904 test methods were collected. Although HistoryFinder reports a
revision when the containing file of a method is renamed, even if the method itself remains
unchanged, such revisions were excluded from the dataset. The complete project-level statis-

tics are available in the replication repository (data/rqs/rq3/method-count.csv).

1.0 _ — 1.0 1.0
0.8 0.8
N 0.8
L [
a ) 0.6 o) 0.6
©0.6 ©o0.4 Oo0.4
Test Method
0.4 Production Method 0.2 0.2
0.0 0.0
0 1 2 5 10 20 50 -0.2 0.0 0.2 0.4 0.6 -10-8-6-4-20 2 4 6 810
# Revisions Correlation Coefficient # Revision Difference
(a) (b) (c)

Figure 4.2: Figure (a) shows the CDF of the number of revisions for both production and
test methods. To enhance readability, the x-axis is restricted to 50. Figure (b) shows the
CDF of correlation coefficients between the number of revisions in test methods and their
corresponding production methods. Figure (c¢) shows the CDF of differences in revisions
between test methods and their corresponding production methods. It is important to note
that all test and production methods were used for Figure (a), while only mapped examples
were used for (b) and (c).

When production-to-test mappings were required, precision was prioritized over recall
because reliable links are needed for reliable analysis. Also, given the large number of
projects and methods, even a lower-recall approach can produce a sufficiently large sample
for reliable statistical analysis, provided that the mappings are accurate. Therefore, based
on the findings of RQ2, the OMC+NC' approach was adopted, which provides substantially
higher recall than NC while incurring a small reduction in precision. For example, for the
all dataset, the precisions of NC' and OMC+NC'" are 0.95 and 0.89, respectively. However,
the recall of NC' is only 0.09 in contrast to 0.22 of OMC+NC.
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Result

Figure 4.2 (a) shows the cumulative distribution function (CDF) of revisions for production
and test methods after aggregating data across all projects. Surprisingly, test methods un-
derwent more revisions than production methods when comparing low change-prone methods
(0 to 2 revisions). For example, more than 62% of test methods were revised at least once,
compared with approximately 56% of production methods. The non-parametric Wilcoxon
rank-sum test [20, 191] shows this difference to be significant (p-value < 0.05). The same
comparison was also performed at the project level, showing that test methods were revised
more frequently than production methods in 65 projects, with statistically significant dif-
ferences in 55 projects. The corresponding Clift’s delta effect sizes [192] were negligible,
small, medium, and large in 41.8%, 40%, 12.7%, and 5.5% of the projects, respectively. In
contrast, production methods were revised more frequently in 43 projects, with statistically
significant differences in 36 projects. The full table is available with the replication package
(/data/rqs/rq3/revision-statistics.pdf).

For each project separately, using the mapped production-to-test examples, Kendall’s 7
correlation coefficient [193] was calculated between the number of revisions of test methods
and the number of revisions of their corresponding production methods. Figure 4.2 (b) shows
that, for 60% of the projects, the coefficients are below 0.3. This finding contrasts with the
common assumption that test methods are revised primarily in response to changes in their
corresponding production methods. Under this assumption, one would expect co-evolution
between production and test methods and, consequently, a strong correlation in their revision
frequencies.

To investigate more, the mapped test and production samples were used again to calculate
the revision difference between test methods and their corresponding production methods.
Figure 4.2 (c¢) shows that, in only 45% of the cases, production methods were revised more
frequently than their test methods. In 26% of the cases, the number of revisions was identical.

For the remaining 29% cases, test methods were revised more than their corresponding
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production methods. Notably, more than 3% of test methods were revised at least five more

times than their corresponding production methods.

RQ3 summary: Leveraging accurate test method history tracking and production-

to-test mappings, the results show that in many projects, test methods undergo more

revisions than their corresponding production methods.

4.4.4 RQ4: Test smells and revisions

The previous analysis shows that revisions to test methods are not necessarily driven solely
by changes in the production methods they exercise. Test methods may also evolve because of
internal maintainability issues. Test smells provide a useful lens for examining this possibility,
as they capture potentially problematic characteristics of test code [54, 194, 195]. Prior
work has shown that test smells are most often introduced in the initial version of a test
method [196]. Therefore, this section investigates whether the presence of test smells in the

first version of a test method is associated with a high number of future revisions.

Approach

For smell detections, JNose [197] was used. Using rule-based detectors derived from estab-
lished test-smell definitions and detection rules from prior work [196, 198], JNose detects
different types of test smells and provides method-level smell locations, making it appropri-
ate for this analysis. To understand the association of test smells with method evolution,
the test methods are divided into three groups and labeled for easy reference for subsequent

analysis.

e NTR: These are methods that were not revised more than their corresponding pro-
duction methods (normal test revision).
e MTR: These methods were revised more than their production methods (more test

revisions).
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e HTR: A subset of MTR, these methods were revised at least five more times than

their production methods (high test revisions).

A test method may exercise multiple production methods and, as a result, may receive
different group assignments depending on which linked production method is used. To reduce
ambiguity, such methods were filtered out for this RQ. Also, to ensure sufficient project-level
coverage, projects for which the strategy establishes at least 30 links were included. After
applying this threshold, the resulting sample includes 71,231 NTR methods from 90 projects,
23,494 MTR methods from 88 projects, and 3,274 HTR methods from 74 projects.

The following metrics were used for comparing these three groups of methods.

e Percent (%): For each individual smell, its prevalence was calculated in the three

groups of methods. The difference in percent (A pp) was also calculated.

e Odds ratio (OR): Suppose the odds ratio is calculated by using NTR and HTR
groups. Let a be the number of HTR methods with a smell, b the number of HTR
methods without the smell, ¢ the number of NTR methods with the smell, and d the
number of NTR methods without the smell. The odds ratio is computed as OR =
(a/b)/(c/d) = ad/bc, so values above one indicate that the smell is more prevalent
among HTR methods. The conditional maximum likelihood estimate of the odds ratio

and its exact 95% confidence interval are reported.

e Fisher’s exact tests (ppy) [199]: Two-sided Fisher’s exact tests were also used
because the group sizes are unequal and several smells are rare. The Benjamini—
Hochberg [200] procedure was also applied across the individual-smell comparisons to

control the false discovery rate at 0.05.

e Mantel-Haenszel (MH OR and MH pgy) [201]: Projects may differ in their testing
practices and baseline smell prevalence. As a sensitivity analysis, a Mantel-Haenszel
odds ratio was additionally estimated for each smell while treating projects as strata,

and the same multiple-comparison correction.
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Result

Table 4.4: The top part of the table shows results for comparison between the NTR
and MTR methods. For example, NTR % reports the percent of methods in the NTR
group with a particular smell. The bottom part shows the comparisons between the
NTR and HTR methods for a few smells. The full table for the bottom part is available
(/data/rqs/rq4/test-smell-difference.pdf).

Test smell NTR % MTR % App OR[95% CI] ppy MH OR MH ppy
Assertion Roulette 13.5 20.1 +6.6 1.61[1.55,1.68] < .05 1.48 < .05
Verbose Test 2.4 6.2 +3.8 2.67[249,2.86] < .05 2.30 < .05
Magic Number Test 7.0 104 433 1.52[L 45 1.60] < .05 1.48 < .05
Exception Handling 3.0 49 +19 1.69[1.57,1.82] < .05 1.70 < .05
Conditional Test Logic 2.8 4.7  +1.9 1.72[1.59, 1.85] < .05 1.71 < .05
Eager Test 4.5 6.3 +1.9 1.44[1.36,1.54] < .05 1.51 < .05
Duplicate Assert 2.8 45  +1.7 1.64[1.52,1.77] < .05 1.45 < .05
Unknown Test 5.2 56 404 1.09[1.02,1.16] < .05 0.93 0.057
Mystery Guest 0.5 09 +04 1.73[1.46,2.06] < .05 1.63 < .05
Sensitive Equality 1.1 1.5 +0.4 1.32[1.17,1.50] < .05 1.46 < .05
Resource Optimism 04 0.7 +40.3 1.71[1.40,2.07] < .05 1.61 < .05
Sleepy Test 0.2 0.5 +0.3 2.31][1.78,2.98] <.05 2.76 < .05
Print Statement 0.3 0.4 +0.1 1.190.92, 1.51] 0.173 2.65 < .05
Redundant Assertion 0.2 0.2 +0.1 1.34[0.97,1.83] 0.084 1.96 < .05
Empty Test 0.1 0.1 +0.0 1.31[0.67,2.45] 0.420 2.03 0.072
Lazy Test 9.2 8.9 -0.3 0.96 [0.91, 1.01] 0.106 0.96 0.106
Ignored Test 2.0 1.1 -0.9 0.54 [0.47, 0.61] < .05 0.40 < .05
Test smell NTR % HTR % App OR[95% CI] ppy MH OR MH ppy
Assertion Roulette 13.5 30.0 +16.5 2.75[2.53,2.98] < .05 2.42 < .05
Verbose Test 2.5 14.3 +11.9 6.66 [5.94, 7.46] < .05 5.47 < .05
Exception Handling 3.0 8.4 +55 3.01[2.62,345] < .05 3.08 < .05
Conditional Test Logic 2.8 83 455 3.15[2.74,3.61] < .05 2.78 < .05
Duplicate Assert 2.8 7.6  +4.8 2.86[247,3.29] <.05 2.44 < .05
Sleepy Test 0.2 14  +1.2 6.97[4.78,9.96] < .05 9.57 < .05

The top part of Table 4.4 shows that, with the exception of a few smell types, such as
Redundant Assertion and Lazy Test, MTR methods are more associated with smells than
NTR methods. For example, 20.1% of MTR methods contain the Assertion Roulette smell,
compared to 13.5% of NTR methods. The odds ratio (OR) indicates that MTR methods
are 1.6 times more likely to contain this smell than NTR methods. These differences are
also statistically significant, as both pgy and MH pggy are below 0.05.

This trend becomes even more pronounced (bottom part of the table) when comparing

HTR methods—those revised at least five more times than their corresponding production
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Figure 4.3: Size-based analysis. Figure (a) shows the difference in percent with 95% confi-
dence interval, and Figure (b) shows the odds ratio (OR). The comparison is for MTR and
NTR methods, as well as HT'R and NTR methods. The selected 11 types of smells are joined
together and considered as one smell.

methods—with NTR methods. For most smell types, both the odds ratio and the difference
in percent (A pp) increase substantially. In particular, the odds ratios for the Verbose Test
and Sleepy Test smells indicate that these smells are more than six times as likely to occur
in HTR methods as in NTR methods. Overall, Table 4.4 suggests that test methods that
evolve more frequently than their corresponding production methods tend to contain more
test smells than less change-prone methods.

The potential confounding effect of method size was also examined when interpreting the
relationship between test smells and method evolution. Prior studies have shown that many
code metrics and smells lose their predictive power for software quality and maintainability
once size is controlled for, as size is often strongly correlated with these metrics [202-204].
For this analysis, noise was minimized by excluding smell types that did not exhibit a
consistent statistically significant difference in Table 4.4. Specifically, Unknown Test, Print
Statement, Redundant Assertion, Lazy Test, Empty Test, and Ignored Test were excluded.
Using the remaining 11 smell types, Kendall’s 7 correlation coefficient was computed between
size and the number of test smells per method. The resulting coefficient of 0.28 suggests
that method size alone does not explain the observed relationship between test smells and
method evolution. This apparent discrepancy with previous studies [202-204] is unsurprising,
as those studies primarily reported strong correlations between size and software metrics at

the class or file level. In contrast, subsequent work has shown that such correlations are
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considerably weaker at the method level [160, 205], which is the granularity of this analysis.

To further investigate the impact of method size, following the methodology of Spadini
et al. [54], test methods were categorized into three size groups: small (size < 30), medium
(30 < size < 60), and large (size > 60). Figure 4.3 presents the results of this size-stratified
analysis. Consistent with the earlier findings, both the difference in percent (A pp) and
the odds ratio are larger when comparing HTR methods with NTR methods than when
comparing MTR methods with NTR methods. More importantly, the association between
test smells and method evolution is strongest for small methods: both the percent difference
and the odds ratios are considerably larger for small methods than for medium or large
methods. This observation contradicts earlier findings [54] that test smells in large methods

are more harmful than smells in smaller methods.

RQ4 summary: Smells are more associated with test methods that evolve more than

their corresponding production methods. This association becomes even stronger for
test methods that are revised at least five more times than their production methods.
Furthermore, smells in small test methods show more predictive power than smells in

large methods, contradicting earlier findings.

4.5 Discussion

Two key challenges that limit test-code evolution research were addressed: reliable test-
method history tracking and method-level production-to-test mapping. The first finding
(RQ1) is encouraging: history-generation tools developed for production methods generalize
well to test methods without any threshold recalibration. In particular, HistoryFinder [173]
achieved the best overall performance in both accuracy and runtime. In contrast, the evalu-
ation of production-to-test mapping (RQ2) showed that no approach consistently achieves
both high precision and high recall. Thus, the choice should be guided by the downstream

objective. For example, precision-oriented approaches suit studies requiring reliable links,
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whereas recall-oriented approaches better support applications prioritizing broader coverage.

These validated techniques enabled a more accurate investigation of test method evolu-
tion. The results show (RQ3) that nearly one-third of mapped test methods are revised more
often than the production methods they exercise, while the correlation between production
and test revisions is generally weak. This suggests that much of test maintenance cannot be
explained solely by production-test co-evolution and that test code should be treated as a
first-class software artifact with its own maintenance dynamics rather than merely a passive
consequence of production-code changes.

The test-smell results provide one explanation for this additional maintenance effort. Test
methods that evolve more than their corresponding production methods contain more test
smells (RQ4). Surprisingly, the association is strongest in small test methods, contradicting
Spadini et al. [54]. This difference likely stems from more accurate method-history tracking,
production-to-test method alignment, and a larger benchmark (110 vs. 10 projects). The
stronger impact of test smells in smaller methods underscores the importance of evaluating
software quality indicators at the method level rather than extrapolating conclusions from
file/class-level analyses.

For researchers, the findings have several implications. The ability to track test method
evolution alongside production changes may help more reliable studies of test obsolescence
by precisely identifying when a test becomes outdated relative to the production change that
invalidated it. It may also support the study of flaky tests caused by evolutionary mismatch.
In addition, it can improve regression testing research by enabling fine-grained identification
of which tests should be re-run or updated after specific production changes. For test repair,
it can help pinpoint the exact divergence point and derive minimal corrective fixes. Finally,
it enables more accurate long-term test maintenance modeling by supporting measurement
of technical debt accumulation, smell persistence, and maintenance effort over time.

For practitioners, the results indicate that test maintenance represents a substantial

portion of long-term maintenance effort and deserves no less engineering attention than
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production code. Organizations should therefore monitor the evolution of test code inde-
pendently instead of assuming that production-code metrics adequately reflect testing effort.
The strong relationship between test smells and highly evolving tests also suggests practical

opportunities for maintenance prioritization [206].

4.6 Threats to Validity

Construct Validity. The analyses relied on method-level history generation, production-
to-test mapping, and test-smell detection. Some of the relevant threats were mitigated by
first evaluating existing history-generation and mapping techniques on manually constructed
oracles and then using the best-performing approaches in the subsequent analyses.

Internal Validity. The change-history and production-to-test mapping oracles involved
human judgment. To mitigate this threat, two authors independently performed the anno-
tations and resolved disagreements through discussion.

Ezxternal Validity. The dataset includes 110 open-source Java projects. Although this is
substantially larger than the datasets used in prior work, the findings may not generalize
to closed-source systems and other programming languages. Also, due to focusing on a
precision-oriented approach for mapping between production and test, many examples were
missed, which may harm generalizability.

Conclusion Validity. Appropriate non-parametric statistical tests, effect sizes, confidence
intervals, and false-discovery-rate correction were used where applicable. However, as with
many observational studies, the findings confirm associations rather than guaranteed causal

relationships.

4.7 Conclusion

In this chapter, a comprehensive analysis of method-level test code evolution was presented.

The results show that existing history-generation tools generalize well to test methods with-
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out recalibration. For production-to-test mapping, no single approach consistently achieves
both high precision and high recall. Using the most suitable techniques, the results showed
that test methods often evolve independently of their corresponding production methods and
that highly evolving small test methods are more likely to contain test smells. The manually
developed benchmarks, methodological advances, and empirical findings provide a more ac-
curate foundation for future research on test evolution, regression testing, test obsolescence,

and automated test repair.
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Chapter 5

Conclusion and Future Work

5.1 Summary of Contributions

Software maintenance research often emphasizes production code, although test code also
plays an important role in software maintenance. This thesis contributes to test-code mainte-
nance research along two dimensions: technical debt in test code and test-method evolution.
For technical debt, this thesis shows that SATD in test code is uncommon but diverse,
includes test-specific categories not fully captured by production-code SATD, and remains
difficult for existing detectors and large language models to identify reliably. For method
evolution, the thesis shows that reliable method-history evidence requires carefully validated
oracles, and that HistoryFinder provides the strongest overall support for reconstructing
method histories among the evaluated research tools. Using validated test-method histories
and method-level production-to-test mappings, the thesis further shows that many test meth-
ods evolve as frequently as, or more frequently than, the production methods they exercise,
and that highly revised test methods are associated with more test smells. Together, these
findings show that test code has maintenance concerns, detection challenges, and evolution
patterns that are not fully captured by production-code assumptions. They also provide a

foundation for future research on technical debt and evolution.
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5.1.1 Characterizing Self-Admitted Technical Debt in Test Code

The SATD contribution characterizes how developers admit technical debt in test code by
manually identifying relevant comments and classifying them into 12 categories, including
four not captured by the source-code SATD taxonomies.

The findings show that this form of debt is uncommon but diverse. Some comments
resemble known production-code debt categories, whereas others reflect test-specific concerns
such as skipped tests and limited tests. Existing SATD detectors and large language models
are also not yet reliable enough for detecting such debt in test comments. Overall, this
contribution provides a test-specific taxonomy, a manually curated dataset, and empirical

evidence on the limitations of current detection approaches.

5.1.2 Generating Reliable Method-History

The method-history work improves the reliability of method-level history generation. It
shows that existing method-history oracles contain missing or incorrect revisions, which
can affect conclusions about tool accuracy. To address this problem, the thesis constructs
systematically validated oracles by combining the outputs of multiple tools with manual
validation.

Using these oracles, the evaluation revisits existing method-history tools and introduces
HistoryFinder. The results show that HistoryFinder provides the strongest overall balance of
precision, recall, F1 score, and runtime among the evaluated research tools. This contribution
strengthens the empirical foundation for method-level maintenance research and provides

reusable support for studying how individual methods evolve.

5.1.3 Understanding Test Method Evolution

To assess whether existing method-history tools can support test-method evolution analysis,

a manually validated oracle of test-method histories is constructed. The evaluation shows
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that tools developed for production code method history generation can also generalize to
test code, with HistoryFinder achieving the strongest overall performance. Method-level
production-to-test mapping techniques are also evaluated, showing that no single approach
dominates: some provide higher precision, whereas others provide broader recall.

The evolution analysis shows that test methods are not merely passive reflections of
production-code change. Many test methods are revised as often as, or more often than,
their corresponding production methods. Highly revised test methods also tend to contain
more test smells, with the strongest association observed among small methods. These
findings indicate that test methods have their own maintenance dynamics and should be

studied as independently evolving software artifacts.

5.2 Future Work

5.2.1 Improving Test-Code SATD Detection

Future work should develop SATD detection approaches that are designed specifically for
test comments and capable of learning test-specific expressions. Large language models also
require more test-aware adaptation. It should investigate richer contextual inputs, such
as surrounding test code, to better distinguish genuine SATD from ordinary explanatory
comments.

Once test-code SATD can be detected more reliably, future work can also develop au-
tomated classification techniques based on the proposed taxonomy. Reliable detection and
classification would enable larger-scale studies of the long-term maintenance impact of test-
code SATD, such as whether affected tests are more likely to be changed or associated with

later defects than comparable tests without SATD.
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5.2.2 Extending Method-History Generation

Scalability can be improved by reducing the cost of method extraction during history con-
struction. HistoryFinder currently relies on JavaParser to extract method-level information
from Git revisions. Because this parsing is repeated across many revisions and methods,
it can increase construction time for large repositories or when histories are generated for
hundreds of thousands of methods. A more efficient alternative is low-level direct parsing,
which would extract only the method information needed for tracking.

Method-history generation should also be extended beyond Java to evaluate whether
current approaches generalize to other programming languages. This extension may require

adjusting similarity thresholds for language-specific matching.

5.2.3 Building History-Aware Test Maintenance Tools

The findings of this thesis can inform practical tools that combine SATD comments, method
histories, production-to-test mappings, and test smells. Such tools could help developers
identify tests that contain self-admitted debt, are revised frequently, evolve differently from
the production methods they exercise, or show signs of quality problems. History-aware tools
could also support test maintenance tasks such as regression-test prioritization and obsolete

test detection.

5.3 Concluding Remarks

This thesis shows that test code deserves direct attention in software maintenance research.
By studying SATD in test code, building reliable method-history evidence, and analyzing
method-level test-code evolution, the thesis demonstrates that test code contains mainte-
nance concerns and evolution patterns that cannot be fully understood through production-
code assumptions alone.

Overall, the thesis contributes to a broader view of software maintenance in which test
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code receives direct attention as a maintained software artifact. Advancing this view can
help researchers build stronger empirical models and help practitioners maintain test suites

that remain reliable, useful, and trustworthy over time.
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