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ABSTRACT

Scientific software development faces unique cross-domain challenges, requiring
expertise from both scientific and software engineering disciplines. These challenges
often manifest as technical debt, specifically in the form of Self-Admitted Technical
Debt (SATD). While technical debt is a well-recognized issue in software engineer-
ing, its impact within scientific software remains underexplored. In particular, the
integration of domain-specific scientific knowledge with robust software engineering
practices presents ongoing difficulties. This work investigates these cross-domain
challenges in scientific software in various fields—including high-energy physics, as-
tronomy, molecular biology, climate modeling, and applied mathematics—through
SATD analysis. We examined 28,680 code comments from nine open-source scientific
projects, identifying 11 types of technical debt. Among them, we introduced a novel
category termed Scientific Debt, representing the issues that arise when integrating
scientific findings with software development. We identified five key indicators of SD:
assumptions, missing edge cases, accuracy challenges, translation challenges, and the
incorporation of new scientific discoveries. Our findings reveal that Scientific Debt
accumulates at a significantly higher rate than it is resolved, with the Missing Edge
Cases indicator being the most frequently addressed. To further support the man-
agement of this debt, we explore the potential of Large Language Models (LLMs)
in identifying and predicting cross-domain challenges. Our preliminary investigation
suggests that LLMs could help detect issues requiring both scientific and software
expertise, offering a promising direction for future efforts to manage and mitigate
Scientific Debt.
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Chapter 1
Introduction

Scientific Software (SSW) is essential in modern research, providing crucial tools
for complex calculations and data analysis across various scientific disciplines. It
is integral to the formulation, testing, and validation of scientific hypotheses, with
its accuracy and robustness directly impacting the validity of research findings. This
makes the development of SSW a critical aspect of contemporary science, necessitating
exceptional levels of precision and reliability [19]. However, achieving this precision
and reliability within SSW is challenging. In 2006, the scientific community faced a
significant setback when undetected software errors led to the retraction of five high-
profile papers [40]. This incident highlighted the significant “interest” paid in terms
of compromised accuracy and credibility due to technical shortcomings. The loss of
scientific reliability due to these software errors underscores the critical importance
of addressing technical debt in SSW to maintain the integrity of research findings.
One of the fundamental challenges in the development of SSW lies in the necessity
for a multidisciplinary approach. Building effective SSW requires expertise across
various knowledge domains, each contributing to the software’s overall accuracy and

reliability. According to Kelly et al. [24], these domains include:

1. Real-World Knowledge, encompassing an understanding of scientific problems
and data.

2. Theory-Based Knowledge, involving the scientific principles and models that

underpin the software.

3. Software Knowledge, which covers programming and software engineering skills.



4. Fxecution Knowledge, related to the practical aspects of running and testing

the software.

5. Operational Knowledge, concerning the deployment and real-world application

of the software.

The intersectional nature of these domains poses significant challenges, as it ne-
cessitates collaboration between scientists and software engineers, each bringing their
expertise to ensure the software’s accuracy and robustness. Of course, such cross-
domain challenges exist in most, if not all forms of software, as explored in research
into social-technical congruence [11], so the implications of this research are broad.
We focus on SSW as one software discipline with readily apparent Real-World and
Theory-Based knowledge domains.

Self-Admitted Technical Debt (SATD) provides a unique signal we can use to
examine the challenges arising from the intersection of diverse knowledge domains
necessary for developing robust software. SATD occurs when developers explicitly
acknowledge, through code comments, that certain parts of the code are incomplete,
need rework, contain errors, or are temporary solutions [43]. In particular, these
comments often reveal areas where the interplay between domain-specific knowledge
and software engineering practices may compromise the reliability and correctness of
the software.

In the context of SSW, SATD is particularly valuable as it highlights cross-
domain challenges faced by developers in integrating complex scientific
theories and models with software implementations of those models. These
challenges are signaled by explicit indicators within SATD comments, pointing to un-
derlying issues, complexities, or deficiencies in the code related to scientific accuracy,
assumptions, or computational methods. Such signals provide direct insights into
where and why the software might fail to meet scientific and engineering standards.
We postulate that addressing these debts would not only enhance the maintainability
of the software but also ensure the accuracy and robustness of scientific computations,
thereby safeguarding the integrity of research findings. This study aims to explore
difficulties with this integration through the lens of SATD.

SSW encompasses a broad spectrum of applications, ranging from simple data
analysis tools to complex simulation and modeling systems. However, for the purposes
of our study, we are particularly interested in a specific subset of SSW. This subset

includes software that is characterized by unique attributes distinguishing it from



other types of software, thereby necessitating a precise definition of our scope.

We adopt inclusion criteria informed by the frameworks provided by [22], [27],
23], and [24]. These criteria ensure our focus remains on software projects developed
explicitly to address scientific inquiries. Specifically, we include software that meets

the following conditions:

e Developed to address specific scientific questions requiring complex computa-

tions.
e Involves domain specialists in its development.
e Utilized by users with expertise in the relevant scientific domain.

We exclude software projects designed solely for controlling physical equipment
or serving as generalized computational resources, such as NumPy or SciPy, unless
they are directly employed in specific scientific investigations. This focused approach
allows us to delve deeply into the unique challenges and intricacies that arise from
the integration of multiple knowledge domains in the development of SSW, thereby

contributing to a more thorough understanding of its nature and requirements.

1.1 The Nature of SSW

Computational scientists dedicate a substantial portion of their working hours to
developing software. An online survey by Pinto et al. [42], which gathered over 1000
responses, revealed that, on average, respondents spent 30% of their working time on
software development. This figure has significantly increased over the past decade.
SSW development requires a deep integration of Real-World Knowledge and Theory-

Based Knowledge. Scientists must continuously adapt their software to evolving scien-
tific questions and discoveries, necessitating an iterative and exploratory development
process. Traditional software engineering methodologies, such as the waterfall model
and agile methodologies, are often employed in conventional software development.
The waterfall model is a linear and sequential approach, while agile methodologies fo-
cus on flexibility, iterative development, and stakeholder collaboration through short
cycles. However, these methodical approaches are often unsuitable for SSW develop-
ment due to the unique demands of the field [22]. This requirement often leads to
an “amethodical” approach to software development, characterized by flexibility and

independence, where scientists select their tasks based on immediate research needs



without a predefined sequence or external input [42]. This approach allows for the
necessary adaptability to tackle complex and evolving scientific problems [23].

In SSW development, the paramount concern is correctness, overshadowing other
typical software development priorities such as timeliness, budget adherence, main-
tainability, or usability [20, 22]. The accuracy of results is critical because errors
can compromise the integrity of scientific findings, leading to fundamentally incorrect
conclusions. For instance, in 2006, an undetected code fault resulted in the retraction
of five published papers and the abandonment of projects that relied on erroneous
data [40]. This high standard of accuracy necessitates that software developers pos-
sess substantial Theory-Based Knowledge and Real-World Knowledge to fully grasp
the intricacies and precision required for scientific applications. Without this ex-
pertise, inefficiencies and errors are likely to arise [8, 27]. Hence, the development
process must involve scientists closely, particularly during debugging and validation,
to ensure that the software meets the stringent accuracy requirements essential for
scientific research [22].

Given the critical importance of accuracy, the testing of SSW becomes a particu-
larly challenging and essential aspect of the development process. Unlike commercial
software, where outputs and behaviors can often be predicted or expected to follow
known patterns, SSW must handle complex physical phenomena, such as hurricane
modeling, which inherently lack clear, correct outputs. This uncertainty significantly
complicates the validation process, making it difficult to establish straightforward
test oracles [26, 19]. An adequate testing strategy must encompass a thorough un-
derstanding of the technical and historical context of the software, clearly defined
testing goals, the selection of appropriate testing techniques, and the determination
of testing adequacy. Each of these aspects plays a critical role in ensuring the soft-
ware’s reliability and accuracy, which are vital in scientific applications. The depth
and breadth of testing required often reveal significant gaps in standard testing prac-
tices when applied to SSW [28].

1.2 Self~-Admitted Technical Debt in SSW

SATD refers to instances where developers explicitly acknowledge shortcomings, workarounds,
or temporary solutions in their code through comments. As highlighted by Potdar
and Shihab [43], SATD comments provide valuable insights into developers’ awareness

of potential issues and the rationale behind specific decisions. By examining SATD,



we gain a unique lens through which to view the intricacies and challenges inherent in
SSW development, particularly those arising from the interplay of diverse knowledge
domains.

SSW often evolves over extended periods [23], continually adapting to new sci-
entific discoveries and computational advancements [46]. This ongoing evolution ne-
cessitates a deep integration of Scientific Knowledge and Software Knowledge. The
examination of SATD in SSW is particularly insightful, as it sheds light on how these
knowledge domains intersect and where they may clash. SATD comments serve as
a direct indicator of developers’ recognition of potential issues and their rationale
behind specific decisions, providing a window into the health and maintenance chal-

lenges of the codebase.

1.3 Problem Statement and Research Questions

The development of SSW is fraught with unique challenges due to its integration of
multiple knowledge domains. These domains must work in harmony to ensure the
software’s precision, reliability, and overall quality. This study aims to leverage SATD
to explore how cross-domain challenges manifest in SSW and how they are managed.
To this end, we have formulated the following research questions:

RQ1: How does SATD signal cross-domain challenges in SSW?

To answer this question, we collect a set of 28,680 SATD comments from rep-
resentative scientific projects, including high energy physics, astronomy, molecular
dynamics, molecular biology, climate modeling, and applied mathematics. We then
systematically label these comments using a combination of predefined and emergent
labels. Through this process, we aim to understand how SATD highlights the diffi-
culties developers encounter when integrating different knowledge domains, providing
a lens through which to view these cross-domain challenges.

In addressing RQ1, we identified a novel type of SATD, which we term Scientific
Debt, along with five key indicators. This specific form of technical debt is particularly
prevalent in SSW and warrants further investigation, leading us to the subsequent
research questions.

RQ2: How is Scientific Debt addressed in SSW?

This question investigates how Scientific Debt is handled within SSW by examin-

ing its introduction and removal rates. By analyzing these rates, we can gain insights

into the general efforts made to manage Scientific Debt. We further explore which



indicators of Scientific Debt are most frequently addressed, providing an initial un-
derstanding of how developers prioritize and tackle this challenge. While this gives a
valuable snapshot of current practices, it opens the door for more in-depth exploration
in future work.

RQ3: Can Large Language Models predict cross-domain challenges in Sci-
entific Debt management?

Given the growing popularity and demonstrated usefulness of Large Language
Models (LLMs) in various domains, we aim to conduct a preliminary investigation
into their effectiveness in predicting cross-domain challenges in SSW. Specifically, we
explore how well LLMs can understand and predict which GitHub Issues may require
both scientific expertise and software engineering knowledge to address or resolve.
This low-scale study assesses the potential of LLMs to aid in identifying areas where
scientific and software domains intersect, with the goal of enhancing future strategies
for managing and prioritizing Scientific Debt.

By addressing these research questions, we aim to shed light on the intricacies of
SATD in SSW and the nature of cross-domain challenges. This understanding will
contribute to the broader knowledge of technical debt in SSW, ultimately supporting
the development of more robust and reliable SSW and enhancing the quality and

reproducibility of scientific research.

1.4 Contributions

In this study, we make several significant contributions to the understanding of SATD

in SSW:

1. Introduction of Scientific Debt: We introduce a new type of technical debt,
termed Scientific Debt. This type of debt specifically highlights issues within
the codebase that are acknowledged by contributors and have the potential to

compromise the validity, accuracy, and reliability of scientific results.

2. Detailed Analysis of Trends and Patterns: We provide a detailed anal-
ysis of the trends and patterns observed in the introduction and resolution of
Scientific Debt across various SSW. This analysis offers valuable insights into
how development teams in different scientific domains manage and prioritize
these debts.



3. Comprehensive Dataset of SATD Comments: We compile a compre-
hensive dataset comprising 28,680 labeled SATD comments from a diverse range
of SSW. This dataset is notable for its inclusion of comments from multiple pro-
gramming languages, marking the first instance of a SATD dataset that spans

such a broad spectrum of languages.

4. Repeatable Coding Guide: We develop a repeatable coding guide designed
to identify and categorize scientific SATD. This guide provides a systematic
approach for researchers and practitioners to consistently label and analyze
SATD comments in SSW.

Together, these contributions enhance our understanding of the complexities and
challenges associated with technical debt in SSW. They provide a foundation for
future work aimed at improving the development, maintenance, and reliability of

software critical to scientific research.

1.5 Thesis Outline

This thesis is organized into several chapters, each of which addresses different aspects

of the research on SATD in scientific soft. The structure of the thesis is as follows:

e Chapter 1: Introduction
The thesis begins with an introduction to the importance of SSW in modern
research and the unique challenges it presents. This chapter introduces the con-
cept of SATD within the context of SSW, setting the stage for the investigation
of cross-domain challenges that arise during the development and maintenance
of such software. The chapter also presents the research questions that guide
the study.

e Chapter 2: Literature Review
This chapter reviews relevant literature on Technical Debt, particularly focus-
ing on SATD, and its implications in software engineering. It covers key con-
cepts such as “principal”, “debt”, and “borrowing” within the Technical Debt
metaphor, as well as different types of debt and their impact on software quality.
The chapter also examines existing research on SSW development, cross-domain

challenges, and the role of LLMs in software engineering.



e Chapter 3: Methodology
This chapter outlines the methodology and experimental setup used to inves-
tigate the research questions. It details the selection criteria for SSW, the
processes of extracting and classifying SATD comments. The chapter also dis-
cusses the usage of LLMs in identifying domain-specific challenges related to
cross-domain challenges and provides a systematic approach to ensure trans-

parency and reproducibility in the research.

e Chapter 4: Results This chapter presents the results of the study. It be-
gins with an analysis of the distribution of SATD categories and the identi-
fication of cross-domain challenges in SSW. The chapter then examines how
Scientific Debt is managed across various projects, focusing on its introduc-
tion and removal trends, and evaluates the effectiveness of LLMs in identifying

cross-domain knowledge relevant to Scientific Debt management.

e Chapter 5: Discussion
This chapter interprets the findings from the results, connecting them to the
broader context of SSW development and the management of technical debt.
It discusses the implications of the research for SSW developers, particularly
in terms of the need for targeted strategies to manage Scientific Debt and the
potential role of LLMs in enhancing these efforts. The chapter also addresses
the limitations of the study and suggests how they could be addressed in future

research.

e Chapter 6: Conclusion
The thesis concludes with a summary of the key findings and their implications
for the field of SSW engineering.



Chapter 2

Background & Related Work

2.1 Technical Debt

2.1.1 General Technical Debt

The metaphor of Technical Debt (TD) was first introduced by Ward Cunningham in
1992. Cunningham described it as those internal tasks you choose not to perform now,
but that run the risk of causing future problems if not addressed [9]. This concept
has since been extensively explored and expanded in software engineering literature to
describe not just quick fixes or temporary solutions, but a broader range of software
development trade-offs that can have long-lasting impacts on software systems [30].
At its core, TD represents the implied cost of additional rework caused by choosing
an easier, quicker, or less effective solution now, instead of using a better approach

that would take longer. This concept can be broken down into several components:

e Principal: This refers to the immediate cost or effort saved by choosing the

quicker, less optimal solution.

e Debt: This is the cumulative cost that accrues over time due to the initial sub-
optimal decision, which includes interest in the form of increased maintenance

costs, decreased code quality, and reduced system reliability.

e Borrowing: This represents the act of incurring TD, i.e., making a trade-off

decision to achieve short-term gains at the expense of future challenges.

Significant research has focused on how TD is managed within organizations.

Research by Lim et al. [35] highlights that while software practitioners may not always
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recognize the term “technical debt,” they are acutely aware of its implications, which
manifest as increased maintenance costs, decreased code quality, and reduced system
reliability. Codabux and Williams [7] provide insights into the management practices
in an industrial context, while Yli-Huumo et al. [59] discuss variability in management
practices across different teams within the same organization, illustrating the lack of
a one-size-fits-all strategy for managing TD.

TD encompasses various types, including code, design, architecture, and require-
ments debt, each representing specific challenges and requiring particular manage-
ment strategies [1]. For instance, design and architectural debts are often considered
the most impactful, as they can lead to significant rework if not addressed early in
the development lifecycle [12]. Architectural TD specifically deals with suboptimal
decisions in the software architecture that may hinder future system adaptability or
performance [54].

The literature also acknowledges the potential benefits of strategically incurred
TD. Borg et al. [4] suggest that under certain conditions, TD can be beneficial by
allowing faster time-to-market and providing a competitive edge, as long as it is
managed effectively and paid back in a timely manner. This is akin to a financial
loan, where borrowing allows for immediate progress, but the principal and interest
must be repaid to avoid long-term negative consequences.

Prioritizing which TD to address is crucial for effective management. Techniques
for prioritizing TD involve assessing the risk and impact of the debt relative to the cost
of “repaying” it. This often requires a balance between continuing the development of
new features and addressing debt [31]. A systematic literature review by Lenarduzzi
et al. provides a comprehensive overview of various strategies and tools used to
prioritize TD, highlighting the need for empirical validation of these strategies to
enhance their effectiveness in industry settings [31].

Studies have shown that TD is not limited to traditional software systems only.
Recent research has revealed its presence in cutting-edge fields like blockchain technol-
ogy, where developers must manage not only typical software issues but also unique
challenges related to decentralized architectures and consensus mechanisms [44]. This
indicates the pervasive nature of TD across various domains of software develop-
ment, including emergent technologies. Furthermore, Vidoni explores TD in the realm
of mathematical programming, highlighting how certain coding and documentation
practices in this area can lead to substantial TD, affecting the maintainability and

evolution of mathematical models [56]. This work closely relates to our study as it
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also aims to identify and manage TD within a similarly specialized field. For all
these domain-specific software systems, addressing TD effectively requires more than
just software engineering knowledge; a deep understanding of the specific domain is

crucial.

2.1.2 Self-Admitted Technical Debt
2.1.2.1 Introduction to Self~Admitted Technical Debt (SATD)

Self-Admitted Technical Debt (SATD) refers to the intentional acknowledgment
of TD by developers through comments, commit messages, or documentation within
the code. This practice is exemplified by the work of Storey et al. [53], who found
that developers frequently use task annotations such as TODO and FIXME to high-
light areas that require further attention or improvement. These annotations are
widely used, with 97% of surveyed developers admitting to utilizing them regularly.
They serve various purposes, including marking incomplete features, signaling bugs,
and indicating areas needing refactoring. For example, SATD comments might in-
clude statements like “TODO - Move the next two subroutines to a new module called
glad_setup? This would be analogous to the organization of Glide.” or “FIXME(rgk,
2016 — 11) these should probably be moved to varkindmod?” These comments pro-
vide valuable insights into the developers’ awareness of potential issues and their
rationale behind specific decisions. However, the challenge with these annotations is
their tendency to become outdated, leading to maintenance issues and reduced code
readability.

Potdar et al. [43] were the first to provide a formal definition of SATD. They
found that developers introduce SATD for several reasons, including time pressure,
the need for quick fixes, and dealing with complex problems that require temporary
solutions. The study also revealed that SATD often remains unresolved for long
periods, with only 26.3% to 63.5% of SATD being addressed across multiple releases.
They identified 62 recurring patterns of SATD, helping to recognize its various forms
across software projects.

In the context of deep learning frameworks, Liu et al. [37] explored the intro-
duction and removal of SATD. They found that design debt is the most frequently
introduced type, followed by requirement and algorithm debt. The removal patterns
showed that requirement debt is addressed most promptly, reflecting its critical role

in completing functionalities, whereas documentation debt is often neglected.
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Sharma et al. [48] highlighted a significant gap in the study of SATD in SSW,
particularly in dynamically-typed languages like R. Their work is closely related to
our study as it addresses the unique challenges in identifying and managing SATD in
scientific computing. They found that SATD in R packages often goes unaddressed,
impacting the quality and reliability of SSW. The study by Li et al. [55] found that
SATD accounts for about 3% of all comments in R packages, a figure consistent
across various programming paradigms. They identified patterns unique to R and
highlighted developers’ attitudes towards SATD, emphasizing the need for improved
comment quality and better management practices.

In the embedded systems industry, Li et al. [34] explored developers’ attitudes
towards SATD and the triggers for its introduction and repayment. They found that
developers recognize the necessity of SATD but often struggle with prioritization and
lack adequate tools to manage it effectively. The study suggests several tooling ideas
to help developers track and manage SATD more efficiently.

Rantala et al. [45] introduced the concept of Keyword-Labeled SATD (KL-SATD)
and found that its introduction correlates positively with the Sqale Index, indicating
a relationship with code smells. The removal of KL-SATD is associated with im-
provements in code maintainability and bug fixing, highlighting the importance of
managing TD to sustain code quality.

Lastly, Ferreyra et al. [14] investigated the security implications of SATD, iden-
tifying 201 instances containing security pointers that mapped to various Common
Weakness Enumeration (CWE) types. They found that while SATD can promote
security awareness, it also poses risks by potentially exposing vulnerabilities. This
study underscores the dual role of SATD in enhancing and compromising software

security, emphasizing the need for careful management of security-related SATD.

2.1.2.2 Techniques for Identifying SATD

Several studies have explored the use of Machine Learning techniques to automat-
ically identify SATD. Maldonado et al. [10] developed an approach using Natural
Language Processing (NLP) to detect SATD in source code comments, particularly
within Java projects. Their method demonstrated high accuracy in identifying design
debt and requirement debt, significantly outperforming previous keyword-based ap-
proaches. Similarly, Li et al. [33] applied machine learning techniques to collect and

classify SATD from issue tracking systems in open-source projects, using platforms
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like Jira and Google Monorail. Their study highlighted the effectiveness of deep learn-
ing models in identifying SATD and offering valuable insights for its management.
Additionally, Li et al. [32] integrated multiple sources, such as source code comments,
commit messages, pull requests, and issue tracking systems, to identify SATD using
a convolutional neural network-based model. Their research, which included projects
in Java and Python, achieved high identification accuracy by characterizing SATD
and extracting relevant keywords and relations across different sources.

Despite the promising results of ML-based approaches, Guo et al. [16] found that
using simple task annotation tags like TODO and FIXME can perform equally well
or even better than some ML approaches. Their Matching Annotation Tags (MAT)
approach does not require labeled training data and demonstrated similar or superior
performance compared to existing supervised methods. They also highlighted chal-
lenges with current ML methods, such as term diversity, lack of explainability, data
dependency, and high computational costs.

Yu et al. [60] further refined the identification of SATD by categorizing it into two
types: easy-to-find SATD, which can be effectively captured using pattern recogni-
tion techniques, and hard-to-find SATD, which requires human expertise for accurate
identification. Their framework, Jitterbug, uses a two-step approach that combines
automated techniques for identifying easy-to-find SATD with machine learning for
the more challenging hard-to-find SATD, thereby improving overall identification ef-
ficiency.

In a comprehensive review of existing techniques, Anim-Annor [2] highlighted the
prevalence and patterns of SATD across various programming languages, showing that
many tools and methods have been primarily developed for well-known languages like
Java. Based on these findings, we observe that less attention has been given to other
languages, such as Fortran, C, and C++, which are crucial in scientific computing.
This gap underscores the need for more tools and research to address SATD in these

less-studied languages, which are highly relevant in our context.

2.2 Scientists and SSW

2.2.1 Definition and Characteristics of SSW

SSW refers to computational tools developed to solve scientific problems, conduct

experiments, analyze data, and simulate scientific phenomena. It is distinct from
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general-purpose software due to its focus on specific scientific applications and require-
ments, such as high accuracy, extensive domain knowledge, and long-term usability.
There are various types of SSW, including simulation software, data analysis tools,
and visualization applications. Each type serves different purposes but shares com-
mon complexities such as handling large datasets, performing intricate computations,
and providing accurate visual representations of scientific phenomena [27].

Kelly [20] highlights several unique characteristics of SSW. One key characteristic,
according to Kelly, is its interdisciplinary nature, requiring collaboration between
scientists with domain-specific expertise and software engineers. Kelly notes that this
collaboration often leads to challenges in communication and integration of knowledge
from different fields. Additionally, Kelly points out that SSW tends to be highly
customized, addressing very specific scientific problems, which can limit its reuse
and generalization. Furthermore, Kelly emphasizes that the development process for
SSW is typically iterative and exploratory, with frequent adjustments based on new
scientific discoveries and evolving research needs.

SSW often has a long lifetime, posing unique challenges for its development and
maintenance. Unlike commercial software, which may have planned obsolescence or
frequent version updates, SSW is expected to remain functional and relevant for many
years, even decades [21]. This long-term usability requires continuous updates and
maintenance to adapt to new scientific discoveries and technological advancements.

Meng [39] discusses the critical importance of accuracy in SSW. Given that scien-
tific research relies heavily on precise and reliable results, any errors or inaccuracies
in the software can significantly impact scientific findings and credibility. This em-
phasis on accuracy necessitates rigorous testing and validation processes to ensure

the software produces dependable results.

2.2.2 Unique Nature and Challenges of SSW Development

The unique nature of SSW developers is shaped by the distinct characteristics and
demands of SSW development. Arnold et al. [3] and Koteska et al. [29] highlight
that SSW development often requires deep domain-specific knowledge and involves
creating highly specialized tools tailored to specific scientific needs. This development
process is typically iterative and exploratory, with frequent adjustments driven by new
scientific discoveries and evolving research needs.

Wilson [57] underscores several critical challenges faced by SSW developers, par-



15

ticularly the lack of formal software development skills. According to Wilson, many
scientists have limited training in software engineering, which can lead to issues such
as poorly structured code and inadequate testing. This computational illiteracy im-
pacts the quality and maintainability of SSW. Wilson further argues that deficiencies
in education and training programs for scientists exacerbate this issue, as many cur-
ricula do not adequately cover essential software engineering principles. Additionally,
there is often resistance to adopting new practices and tools that could improve soft-
ware quality, due to a combination of entrenched habits and skepticism about the
relevance of these practices to scientific work.

Carver et al. [5] emphasize that SSW developers often prioritize the correctness of
the scientific computations over software development processes. According to Carver
et al., this focus on correct science can lead to an aversion to process-oriented ap-
proaches typically advocated in software engineering. They also note that scientists
tend to have specific preferences for programming languages and development envi-
ronments that they are familiar with, which may not always align with best practices
in software engineering.

Kelly et al. [25] and Segal [47] both discuss the distinct approach scientists take
towards software development. They highlight the educational gaps that leave scien-
tists underprepared for the complexities of software engineering. According to Segal,
cultural differences between scientists and professional software developers can create
challenges in collaboration, as scientists may not fully appreciate the value of rigorous
software development practices. Segal points out that scientists are often considered
professional end-user developers, who create software as a means to an end rather
than as a primary focus. This role emphasizes the need for domain-specific tools and
environments that cater to their unique requirements.

Hannay et al. [17] and Pinto et al. [42] confirm that scientists often develop soft-
ware in an ad-hoc manner, primarily driven by immediate research needs rather than
long-term maintainability. Hannay’s survey revealed that the knowledge required to
develop and use SSW is mostly acquired through informal self-study (96.9%) and
learning from peers (60.1%), with formal education and training at work being less
emphasized. Additionally, scientists spend a significant portion of their time devel-
oping (30%) and using (40%) SSW, and this has increased over the years. Pinto’s
replication study with R developers found similar trends, with 99% of respondents
emphasizing the importance of self-study. Both studies highlight common challenges

such as cross-platform compatibility, poor documentation, interruptions, lack of time,
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and collaboration difficulties.

Kelly et al. [24] provide a comprehensive overview of the challenges and character-
istics of SSW development, reinforcing the need for improved education and training
to bridge the gap between scientific expertise and software engineering skills. They
advocate for the integration of software engineering principles into scientific curricula
to better equip scientists with the necessary skills to develop robust, maintainable

software.

2.2.3 Challenges in Developing SSW

Developing SSW comes with a unique set of challenges that distinguish it from
general-purpose software development. Arnold et al. [3] highlight several key chal-
lenges in scientific computing, such as the need for high accuracy, the complexity of
scientific algorithms, and the integration of diverse data sources. These challenges
are compounded by the iterative and exploratory nature of scientific research, which
often requires rapid prototyping and frequent adjustments to the software.

Carver et al. [5] discuss the acceptance of agile methodologies in SSW develop-
ment, noting that agile approaches are often better suited and more accepted be-
cause they allow for flexibility and iterative improvements. However, Kelly et al.
[22] present a contrasting view, pointing out a mismatch with traditional software
development methodologies. They argue that neither agile nor plan-driven methods
fully address the unique needs of SSW development. Agile methods may lack the
necessary structure for maintaining long-term research software, while plan-driven
methods can be too rigid for the exploratory nature of scientific research. Kelly et
al. [23] further elaborate on the challenges faced by SSW developers, describing the
development process as often amethodical. Standard software development methods
do not always align well with the practices and needs of scientific research. To address
this, they propose the Onion Model for phased releases, which allows for incremen-
tal development and testing. This model helps manage the complexity and evolving
requirements typical in SSW projects.

Another significant challenge in SSW development is requirements gathering.
Carver et al. [5] emphasize the difficulty of requirements discovery in scientific
projects, where the requirements are often not well-defined at the outset and can
change significantly as the research progresses. Similarly, Kelly [20] identifies chal-

lenges in requirements gathering, noting that scientists and software developers often
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have different perspectives and priorities, which can lead to misunderstandings and

incomplete requirements.

2.2.4 Challenges in Testing SSW

Testing SSW poses numerous challenges that are distinct from those encountered in
traditional software testing. Carver et al. [5] highlight significant challenges in the
Verification and Validation (V&V) of SSW. The primary difficulties stem from the
complexity of the scientific algorithms and the necessity to ensure that the software
accurately reflects the underlying scientific models and theories. Kelly et al. [25],
[22] note that, despite the prevalence of testing over other verification methods, SSW
often faces significant challenges in V&V. Established testing techniques may not be
entirely suitable for the unique requirements of SSW, and there are limitations in their
application. This underscores the need for specialized testing methodologies tailored
to the scientific domain. Testing in this context is not just about ensuring that the
software runs without errors, but also about verifying that it produces scientifically
valid results [20].

Sanders [26] identifies several specific challenges in testing SSW, including the
complexity of the subject matter, inadequate validation criteria, a high demand for
correctness, and a general lack of testing expertise among SSW developers. One of
the major issues is the oracle problem, where it is difficult to determine the correct
output for a given input due to the complexity of the scientific computations. Sanders
also categorizes the risks associated with SSW into three broad areas: computational
errors, algorithmic errors, and implementation errors. Hook [19] echoes this senti-
ment, noting that the absence of reliable oracles makes it challenging to verify the
correctness of the software’s output, and the sheer number of possible test cases can
be overwhelming.

Hook [18] further discusses the challenges in testing SSW, focusing on error de-
tection and accuracy. The impact of code faults can be profound, affecting not only
the software’s functionality but also the validity of scientific findings. Miller [40] fur-
ther illustrates the high stakes involved, where inaccuracies due to a software error
in a homemade data-analysis program that flipped two columns of data led to the

retraction of five scientific papers.
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2.2.5 Comparison Between SSW and Other Software

In the previous sections, we have explored the unique characteristics, challenges, and
practices associated with SSW development. We have examined various issues faced
by SSW developers, such as the lack of formal training, the ad-hoc nature of software
development driven by immediate research needs, and the complexities in testing
and verification. To provide a clearer understanding, we have summarized the key
distinctions between SSW and traditional software, such as general I'T and commercial
software, in Table 2.1. This table highlights the major differences based on the
findings and discussions presented in the preceding sections, offering a comparative

perspective on these two domains.
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Table 2.1: Comparison of SSW vs. Other Software

Feature/Aspect SSW Other Software (Gen-
eral IT, Commercial)
Primary Goal Scientific accuracy and Business requirements, user
domain-specific research satisfaction, market com-
outcomes petitiveness

Requirements Discovery

Development Team
Composition
Factors Driving Lan-

guage Choice

Development Method-

ologies
V&V
Software Lifecycle

Funding and Support

Training and Education

Evolving and often discov-
ered during the project

Primarily domain scientists
with some software skills

Highest possible accuracy
and precision for scientific
computations

Amethodical, focusing on
iterative exploration and
problem-solving

Difficult due to evolving sci-
entific models and unknown
correct results

Long, often decades, evolv-
ing with scientific under-
standing

Often underfunded, project-
based funding from research
grants

Mostly self-taught or peer-
taught in software practices

Usually well-defined up-
front, with clear business
objectives

Professional software devel-
opers, often with dedicated
roles

Scalability, maintainability,
and ease of development

Mix of Agile, Waterfall, De-
vOps depending on project
needs

Standardized testing prac-
tices, automated testing,
and often clear metrics
Variable, from months to
years, depending on market
and tech changes

Funded by business rev-
enues, venture capital, ded-
icated budgets

Formal education in com-
puter science and ongoing
professional training
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Chapter 3

Methodology and Experimental
Setup

3.1 Introduction

In this chapter, we outline the methodology used to investigate the research questions
posed in this thesis. The objective of this research is to systematically analyze SATD
in SSW, with a focus on understanding how SATD signals cross-domain challenges.

To recap, our primary research questions are:

e RQ1: How does SATD signal cross-domain challenges in SSW?

We aim to investigate how SATD comments reveal cross-domain challenges in
SSW. This involves identifying instances where developers encounter obstacles
that span scientific and software engineering knowledge domains. By system-
atically analyzing and labeling a large set of SATD comments, we will explore
how SATD captures these challenges, providing insights into the complexities

developers face when integrating different knowledge areas.

e RQ2: How is Scientific Debt addressed in SSW?

To understand how Scientific Debt is managed, we will assess its introduction
and removal patterns across the studied SSW projects. This analysis will help
identify trends in how developers address Scientific Debt and which indicators
of debt receive more attention. The results will offer a clearer understanding of
current practices in managing TD related to scientific and software engineering

interactions.
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e RQ3: Can LLMs identify cross-domain knowledge for Scientific Debt

management?

Our final question examines the potential of LLMs in predicting cross-domain
challenges related to Scientific Debt. We aim to test whether LLMs can identify
issues in GitHub repositories that require both scientific expertise and software
engineering skills. This preliminary investigation will help assess the role of
LLMs in recognizing and prioritizing complex, interdisciplinary issues within
SSW development.

In this chapter, we outline the processes and techniques used at each stage to
address our research questions, with a focus on ensuring transparency and repro-
ducibility.

The structure of this chapter is as follows: Section 3.2 presents the criteria and
methodology for selecting the SSW projects included in our analysis. Section 3.3
explains the techniques used to extract SATD comments from the codebase, including
how we identified the introduction and removal dates. In Section 3.4, we discuss the
methods employed to filter and identify SATD instances from the broader set of
comments. Section 3.5 describes the process of categorizing SATD through manual
labeling.

Finally, Section 3.6 details the experiment conducted to evaluate the capabilities
of LLMs in identifying cross-domain challenges related to Scientific Debt.

By carefully detailing our methodology and experimental setup, we aim to provide
a robust framework that supports replication and validation of our study. This rigor-
ous approach ensures that our conclusions contribute meaningfully to the understand-
ing and management of TD—particularly in addressing cross-domain challenges—in
SSW.

3.2 Project Selection

The selection of software projects for our analysis was guided by criteria designed to
capture diverse practices and challenges across different scientific domains. We aimed
to include influential SSW projects within their respective communities to ensure the
relevance and impact of our findings.

Key selection criteria included:
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e Renown: The project’s recognition and reputation within the scientific com-

munity.

¢ Community Engagement: Active, long-term discussions in project-specific

forums, reflecting ongoing relevance and development.

e Codebase Size: The scale of the project’s codebase, quantified using the
SLOCCount tool'. We considered projects with at least 50,000 lines of code

ensuring they are of medium to large scale.

e Development Activity: Regular updates and maintenance indicated by GitHub

commit frequency.

e Longevity: Projects active for a minimum of 10 years, suggesting stability and

enduring utility.

e Popularity Metrics: Indicators such as GitHub stars and forks, along with
the number of dependent packages (DP) and dependent repositories (DR) for

libraries.

Using these criteria, we identified nine exemplary projects that reflect the diversity
and dynamism of advanced open-source software development in various scientific
fields. These projects were chosen to provide a broad perspective on the challenges
and practices involved in SSW development.

Table 3.1 provides detailed descriptions of each selected project, highlighting their
domain, number of contributors (NOC), codebase size, popularity metrics, longevity,

and the availability of comprehensive contributor guidelines (CG).

Table 3.1: Overview of Case Study Projects

Project Scientific Domain | NOC | Project Type | Code Size Number of Users Age (Years) | CG
Astropy Astronomy 453 | Python Library | 1,308,577 768 DP, 40K DR, 3.84K stars, 1.6K forks 13 Yes
Athena? High Energy Physics | 100+ Software 5,207,555 - 19 Yes
Biopython Molecular Biology 331 | Python Library 620,437 1.21K DP, 1.47K DR, 3.61K stars, 1.63K forks 25 Yes
CESM Climate Model 134 Software 2,799,805 265 stars, 154 forks 41 Yes
GROMACS | Molecular Dynamics 85 Software 2,102,045 552 stars, 285 forks 27 Yes
Moose Physics 221 Framework 847,602 1.5K stars, 979 forks 16 Yes
Elmer Applied Mathematics 45 Software 954,420 1.1K stars, 292 forks 10 No
Firedrake Applied Mathematics 96 Software 63,013 451 stars, 156 forks 11 No
Root High Energy Physics | 387 Framework 5,080,496 2.4K stars, 1.2K forks 24 Yes

Thttps://dwheeler.com /sloccount/
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By adhering to these rigorous selection criteria, we ensure that our study covers a
broad spectrum of SSW projects, providing a robust foundation for analyzing SATD
and understanding the cross-domain challenges faced by developers in these fields.
This comprehensive approach allows us to draw meaningful conclusions and offer

valuable insights into the management and implications of TD in SSW.

3.3 Extracting Comments

The first step in our study was the systematic extraction of source code comments
from the selected SSW projects, focusing on various programming languages including
Fortran, C, C++, and Python.

Our approach drew inspiration from the work of Maldonado et al. [10] and Liu
et al. [37], adapting their methods to our study. We cloned the repositories of the
selected projects and examined files within the master or main branches. To accom-
modate the unique syntax of different programming languages like C and Fortran,
we developed custom Python scripts for comment extraction, utilizing the GitPython
library to traverse the version control history.

The process was carried out as follows:

1. Comment Extraction: We used Python scripts to iterate through each file
in the main branch, extracting comments starting from the initial commit. The
extracted data included the content of the comment, the file name, and the line

number.

2. Recording Introduction Date: The introduction date of each comment was

recorded as the date of the first commit where the comment appeared.

3. Tracking Removal Date: The removal date was recorded as the date of the

first commit where the comment no longer appeared in the file.

For multi-line comments, which are common in languages like Fortran and C, we
treated them as a single entity, in line with practices described by Freitas et al. [15].
Although individual lines could technically have different introduction or removal
dates, we handled these as continuous blocks to simplify the tracking process.

To account for potential file renaming, relocation, or modifications to comments,
we carefully reviewed each instance and cross-referenced commit histories. This en-

sured that the introduction and removal dates were as accurate as possible.
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In total, we extracted 1,328,882 comments across the selected projects. All
Python scripts used for this extraction, along with the resulting datasets, have been

made publicly available to ensure transparency and facilitate future research.

3.4 Identifying SATD Instances

Manually identifying potential SATD from a large volume of comments is a labor-
intensive and time-consuming process, one we sought to minimize as much as possible.
Previous research illustrates the challenges involved; for instance, Maldonado et al.
[10] spent 185 hours classifying 62,556 comments, which clearly demonstrates the
exhaustive nature of manual SATD identification. Given the scale of our dataset, it
was impractical to manually examine every comment in a similar fashion.

To address this, we adopted a more efficient strategy: a keyword-based search,
which has been proven to be both simple and effective. Recent work by Guo et al. [16]
supports the efficacy of keyword searches in identifying SATD instances, validating
this as a reliable approach. We began by employing a set of 64 established keywords
identified by Potdar et al. [43], which are known for detecting what Jitterbug et al.
[60] describe as “easy-to-find” instances of SATD.

Recognizing that these keywords might miss more nuanced forms of TD, we en-
hanced our search by incorporating an additional 597 keywords from Sridharan et al.
[52]. These keywords were specifically chosen for their ability to flag more elusive,
“hard-to-find” instances of SATD, expanding the scope of our detection efforts. This
process was instrumental in capturing a wide range of comments that would not have
been identified with only “easy-to-find” keywords.

For example, a comment from CESM included:

“Calculate the initial change in TKE for each level. This is done for
computational efficiency, it helps because there will be at least one cal-
culation for each grid level, meaning the first one can be done for every
grid level and therefore the calculations can be vectorized, clubb:ticket:834.
After the initial calculation however, it is uncertain how many
more iterations should be done for each individual grid level,
and calculating one change in TKE for each level until all are
exhausted will result in many unnecessary and expensive cal-

culations.”



25

Similarly, a comment from Athena included:

‘so this is a bit of a mess now... if madspin is run from an NLO grid
pack the correct lhe events are at both madevent/... /unweighted_events.lhe.gz
and madevent/... /events.lhe.gz so there are unweighted events but not in

the madspinDir...”

Ultimately, through this combined list of 661 keywords—597 from Sridharan et
al. [52] and 64 from Potdar et al. [43]—we reduced the number of comments in our
dataset to 39,697, each of which potentially indicated TD.

However, this process also captured comments that did not necessarily indicate

TD or an issue. For instance, the following comment from Astropy:

“Description: Generates a vector of length n containing the integers 0, ...,

n-1 in random order. We do not use a new seed.”

was flagged as SATD because of the presence of the phrase do not use, despite not
actually being a true indicator of TD. To address this, we meticulously reviewed each
comment flagged by this search, manually verifying their relevance as indicators of
TD. This thorough review process led to the manual elimination of 11,017 comments,
leaving a total of 28,680 comments for further analysis and categorization of SATD.
An overview of the distribution of these comments across projects is shown in Table
3.2. Notably, the percentage of SATD comments in SSW, ranging from 0.75% to
4.20%, is comparable to those found in non-SSW projects, such as Java projects [43]

and Deep Learning Frameworks [37].

Project Total Comments | SATD Comments | SATD Percentage (%)
Athena 435441 4958 1.14
CESM 231185 4056 1.75
GROMACS 79116 3143 3.97
Astropy 47641 2002 4.20
Biopython 40229 1370 3.41
Root 356163 11603 3.26
MOOSE 89876 675 0.75
Elmer 40386 535 1.32
Firedrake 8845 338 3.82
Total 1328882 28680 2.16

Table 3.2: Code Comments and SATD Comments per Project
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3.5 Categorizing SATD Instances

Most previous research on SATD and the automatic tools developed for its identifi-
cation have focused primarily on Java-based projects. Consequently, we were unable
to use these tools to automatically detect different types of TD in the projects we are
studying, as they encompass a wide range of programming languages, including For-
tran, C, C++4, and Python. Additionally, our goal was to identify a broader spectrum
of TD to understand which types are more prevalent in SSW. Therefore, we extended
our analysis to include newer categories of TD, such as On Hold Debt and Algorithm
Debt, as described by Maipradit et al. [38] and Liu et al. [36], respectively, alongside
the more commonly recognized types.

To achieve this, we opted for a manual categorization of the code comments. Using
the card sorting technique outlined by Spencer [51], we categorized each comment into
one of ten predefined categories: Code Debt, Design Debt, Architectural Debt, Build
Debt, Documentation Debt, Requirements Debt, Test Debt, Defect Debt, On Hold
Debt, and Algorithm Debt. The definitions, examples, and sources for each of these
debt types are presented in Table 3.3.

However, during this process, we encountered a number of comments that didn’t
fit into any of the existing categories. These particular comments stood out because
they involved issues that required specific scientific expertise to address, making them
different from traditional TD categories. Recognizing this distinction, we set these
comments aside and later identified them as a new category, which we termed Scien-
tific Debt.

To mitigate personal bias in our manual classification of code comments, a statis-
tically representative subset of 1,000 SATD instances from the 28,680 identified was
randomly sampled, using a 95% confidence level with a 10% margin of error. While
the expected sample size for these parameters would be 96, we extended the sample
to 1,000 comments to improve the precision of the results and capture potential vari-
ability in the dataset. This sample was independently classified by a second labeler,
and the classifications were compared. A high level of agreement was observed, with
Cohen’s kappa coefficient of +0.79, indicating substantial inter-rater reliability.

The entire manual classification process, including categorization, identification
of new debt types, and independent verification, took approximately 300 hours.

While existing definitions of TD categories were informative, we frequently en-

countered blurred distinctions between different types of debt. This observation aligns



27

with findings from other studies, such as [10] and [32], which note the overlap be-
tween code and design debt. Additionally, Simon et al. [50] discuss the ambiguity
surrounding the definition of Algorithm Debt. In response to these challenges, we
developed operational definitions to clarify these distinctions, guiding our labeling of
SATD comments. Moreover, recognizing that some code comments could fall under
multiple categories, we decided to include all relevant categories for each comment

rather than choosing only one. For instance, the comment

“TODO - Rewrite glint_remove_bath to support multiple tasks? Calls to

this subroutine are currently commented out.”

was labeled as both Code Debt and On Hold Debt. This dual labeling reflects the
need to rewrite the subroutine to improve code quality and functionality (Code Debt)
and acknowledges the development delay due to dependencies or other pending tasks
(On Hold Debt). Including both categories ensures a comprehensive understanding
of the TD, recognizing both the quality issues and the current status of the task as
pending. This approach provides a more nuanced and accurate representation of the
TD present in the code. The definitions of different categories of debt with examples
are as follows:

Throughout the categorization process, we thoroughly reviewed the documenta-
tion of the SSW projects involved. Leveraging the reliability of LLMs [6], we used
tools like ChatGPT and GitHub Copilot to aid in our analysis. ChatGPT helped
us understand comments with complex scientific terms and jargon by providing ex-
planations and context for domain-specific terminology, particularly in comments
related to scientific algorithms and methods. GitHub Copilot assisted in navigating
different programming languages, understanding code structures, and identifying the
intent behind code changes, especially in polyglot codebases. Additionally, for each
identified SATD instance, we cross-referenced the associated documentation and user
manuals to verify context and accuracy. This careful extraction process resulted in
a comprehensive dataset of 28,680 labeled SATD comments, which we provide in

3

our replication package®. Our scripts and datasets are publicly available to ensure

transparency and support future research.

3https://anonymous.4open.science/r/ScientificSATD-CBDO/
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3.6 Methodology for Evaluating LLMs in Identi-
fying Scientific Debt

To evaluate the effectiveness of ChatGPT in assessing the potential of LLMs to aid
in identifying areas where scientific and software domains intersect, we employed a
structured methodology. The evaluation was conducted in several steps, each designed

to rigorously assess the model’s capabilities.

3.6.1 Data Collection and Labeling

The data for this evaluation was collected from the GitHub repository of the ES-
COMP /CTSM project, which is a subcomponent of the larger Community Earth
System Model (CESM). ESCOMP/CTSM focuses on the modeling of terrestrial
ecosystems and biogeochemistry.

Each issue in the repository is labeled by the project contributors based on the
nature of the problem or task described. These labels help indicate whether an
issue involves bugs, performance improvements, or scientific impacts. We used these

author-assigned labels to categorize issues into two groups:

e Cross-Domain Concerns: We identified 212 issues labeled with “enh - im-

Y

pacts science” and “bug - impacts science.” These labels, assigned by the au-
thors, suggest that these issues require both scientific expertise (e.g., to under-
stand the scientific implications) and software engineering knowledge (e.g., to

implement or fix the issue).

e General Technical Concerns: We collected 257 issues that did not include
the above labels, representing more general software engineering concerns with-

out direct scientific impact.

These author-assigned labels serve as the ground truth for our study. They
provide a reliable foundation for testing the model’s ability to identify cross-domain
issues where scientific expertise intersects with software development. The objective of
this low-scale study is to assess whether LLMs can effectively predict which issues are
likely to present both scientific and software engineering challenges, thereby informing

strategies for managing Scientific Debt.
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3.6.2 System Prompt Configuration

The next step involved configuring a system prompt tailored to guide ChatGPT’s
analysis of the issues. The prompt was designed to simulate the expertise of a research
software engineer specializing in CESM. The specific system message used was as

follows:

“You are an expert research software engineer specializing in the Commu-
nity Earth System Model (CESM). Your task is to critically analyze the
given title, description, and file changes in an issue and determine if these
modifications could potentially alter the scientific results produced by the
current implementation of CESM. Please respond only in JSON format

> »

with a single key ‘impacts_science’ whose value is either ‘yes’ or ‘no’.

This prompt was crafted to ensure that ChatGPT focused on assessing the poten-
tial impact of each issue on scientific results, thereby aiding in the identification of
potential Scientific Debt.

3.6.3 Model Execution and Prediction Recording

Using the configured prompt, we sent the titles and descriptions of the issues to the
ChatGPT API (version GPT-4, accessed in August 2024). The model responded with
predictions indicating whether each issue could impact scientific results, formatted as

JSON with a binary ‘impacts_science’ value of either ‘yes’ or ‘no’.

3.6.4 Evaluation Metrics

To measure the performance of ChatGPT in identifying Scientific Debt, we computed

the following metrics:

e Accuracy: The proportion of correctly identified issues out of the total number

of issues.

e Precision: The proportion of issues correctly identified as impacting science

among all issues labeled by the model as impacting science.

e Recall: The proportion of actual science-impacting issues that were correctly
identified by the model.
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e F1 Score: The harmonic mean of precision and recall, providing a balanced

measure of the model’s performance.

A prediction was considered correct if the model’s ‘yes’ prediction corresponded with
an issue labeled “enh - impacts science” or “bug - impacts science.” Otherwise, the

prediction was deemed incorrect.
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Debt Type

Definition

Example

Source

Architectural

Build

Code

Defect

Design

Test

Requirements

Docs

Algorithm

On Hold

Scientific

Issues in project architecture, such
as the violation of modularity,
which can impact architectural re-
quirements like performance and
robustness.

Problems in dependency manage-
ment and build processes, such as
disorganized compile flags or prob-
lematic build targets, which compli-
cate the build environment.
Complex, obsolete, or redundant
code that compromises code qual-
ity or fails to adhere to best coding
practices.

Known bugs or issues within the
software that are acknowledged but
not yet corrected.

Suboptimal design decisions that
lead to inconsistent practices or in-
sufficient modularization, compli-
cating future modifications.

Issues related to the testing process,
including costly or complex tests,
lack of coverage, or inconsistent test
results.

Unmet or partially implemented

requirements, including  non-
functional ones (e.g., security,
performance), affecting system
functionality.

Missing, inadequate, or inaccurate
documentation that fails to prop-
erly guide the user or developer.

Use of algorithms that are subop-
timal or inadequately address the
intended problem, resulting in in-
efficient performance or scalability
issues.

Development delays caused by
waiting for other functionalities to
complete or for specific events to oc-
cur.

Accumulation of suboptimal scien-
tific practices, assumptions, and in-
accuracies within SSW that poten-
tially compromise the validity, ac-
curacy, and reliability of scientific
results.

CESM: “TODO - Move the higher-
order stuff to the HO driver, leaving
only the old Glide code.”

Root: “FIXME! This function is
a workaround on OSX because
it is impossible to link against
libzmq.so0”

Moose: ~ “TODO: Rename this
method to getName; the normal
name (ID) should be getPath.”

Elmer: “For some reason this is not
always active. If not set, parallel
interpolation could fail.”
Biopython: “TODO - How to han-
dle the version field? At the mo-
ment, the consumer will try to use
this for the ID which isn’t ideal for
EMBL files.”

CESM: “NOTE (bja, 2018-03) ig-
noring for now... Not clear under
what conditions the test is needed.”

Astropy: “Binary FITS tables sup-
port TNULL *only* for integer
data columns. TODO: Determine
a schema for handling non-integer
masked columns in FITS.”
Biopython: “TODO: add informa-
tion about what is in the aligned
species DNA before and after the
immediately preceding ’s’ line.”
Root: “TODO: We could optimize
based on the knowledge that when
splitting a failed partition into two,
if one side checks out okay then the
other must be a failure.”

MOOSE: “TODO: Add a sync
time; Remove after old output sys-
tem is removed; sync times are han-
dled by OutputWarehouse.”
Detailed examples provided in the
following sections.

[1]

38, 55]

[38, 55]

this study




32

Chapter 4

Results

4.1 Introduction

This chapter presents the findings from our study on SATD within SSW, as outlined
in the methodologies described in Chapter 3. The results are organized into three
key subsections, each addressing a specific aspect of our research questions.

In Section 4.2, we explore the cross-domain challenges reflected in SATD across
various SSW projects. This section highlights how the interplay between different
knowledge domains—such as scientific theories, computational methods, and software
engineering practices—manifests in the accumulation of SATD, particularly focusing
on the newly recognized category of Scientific Debt (SD).

Section 4.3 delves into the characteristics of Scientific Debt, examining its intro-
duction, persistence, and resolution within the context of SSW projects. We analyze
the dynamics of SD over time, identifying trends in how these debts are managed and
the factors influencing their resolution. This section provides a deeper understanding
of the nature of SD.

Finally, in Section 4.4, we evaluate the potential of LLMs, such as ChatGPT,
in identifying cross-domain knowledge relevant to managing Scientific Debt. This
section assesses the effectiveness of LLMs in assisting developers and researchers by

detecting domain-specific challenges within SSW.
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4.2 RQ1: Cross-Domain Challenges Reflected in
SATD in SSW

To analyze the distribution of SATD categories and identify cross-domain challenges
in SSW, we began by counting all instances of each SATD category across the selected
projects. Comments that were assigned multiple labels were counted separately for
each relevant category to accurately capture their prevalence. For instance, a com-
ment categorized as both design debt and code debt was included in the counts for
both categories. This comprehensive approach allowed us to determine the represen-
tation of each SATD type within the projects.

We then calculated the percentages for each category across all projects and vi-

sualized these distributions in a bar chart, as shown in Figure 4.1.

Percentage of Each Debt Category per Project

Debt Category
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Figure 4.1: Percentage of SATD types across SSW

Figure 4.1 illustrates the distribution of various types of TD across the analyzed
projects. We found that Code Debt and Design Debt were the most frequent. This
pattern is not unique to SSW and has been consistently observed in previous SATD

studies across different domains, such as Java projects [10], deep learning frame-
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works [36], R packages [55], and even embedded systems [34]. In these diverse ar-
eas, Code and Design Debt consistently dominate, reflecting common challenges in
maintaining clean code and optimal design. In the context of SSW, this pattern is
further supported by research on the practices of scientists and SSW development
(17,19, 27, 23, 42]. These studies highlight that the SSW community often prioritizes
scientific goals over strict adherence to coding and design standards, which likely ex-
plains the elevated levels of Code and Design Debt in our findings. In addition to
Code and Design Debt, other types such as Architectural Debt, Algorithm Debt, and
Requirements Debt were also significant, though less prevalent. Meanwhile, Build
Debt and On-Hold Debt were less commonly observed.

A considerable portion of the TD in SSW stems from cross-domain challenges,
which we define as Scientific Debt. These challenges arise at the intersection of
scientific theories and software engineering practices, complicating the process of in-
tegrating scientific models into computational systems. Scientific Debt is prevalent
across all projects, with CESM (14.43%), Elmer (11.16%), and Firedrake (9.21%)
exhibiting the highest percentages.

To gain a deeper understanding of how Scientific Debt is distributed across projects,
we calculated the variance of the Scientific Debt percentages. The resulting variance,
12.23, indicates a significant spread in the levels of Scientific Debt. This suggests
that while some projects, such as CESM and Elmer, have a much higher proportion
of Scientific Debt, others, like GROMACS and Athena, show considerably lower lev-
els. The high variance highlights that Scientific Debt is not evenly distributed across
projects, with certain software facing more substantial cross-domain challenges be-
tween scientific modeling and software engineering.

The identification and analysis of Scientific Debt underscore the importance of
addressing these unique complexities within SSW development. By categorizing and
understanding these debts, we can better appreciate the challenges developers face
and implement more effective strategies to manage them, ultimately enhancing the
robustness and reliability of SSW.

4.2.1 Scientific Debt

Unlike traditional forms of TD, which primarily concern software engineering issues
such as code quality and design practices, Scientific Debt specifically arises from the

challenges inherent in translating complex scientific methodologies into computational
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models. We define this novel category as the accumulation of suboptimal scientific
practices, assumptions, and inaccuracies within SSW that potentially compromise the
validity, accuracy, and reliability of scientific results.

In our labeling, we found that Scientific Debt can manifest in various forms, which

we refer to as indicators:

e Translation Challenges: Difficulties in accurately representing scientific con-
cepts and theories within computational frameworks. This can lead to oversim-
plifications or incorrect implementations that do not fully capture the intricacies

of the original scientific models.

— Example from Astropy: “We are going to share neff between the neutri-
nos equally. In detail, this is not correct, but it 1s a standard assumption
because properly calculating it is (a) complicated (b) depends on the de-
tails of the massive neutrinos (e.q., their weak interactions, which could be

unusual if one is considering sterile neutrinos).”

This example highlights the challenge of simplifying complex interactions
between neutrinos for practical implementation in the code. The stan-
dard assumption used, though common, is acknowledged as not entirely
accurate, demonstrating the trade-off between scientific precision and com-

putational feasibility.

— Example from Elmer: “The computation of the differential of the Hencky
strain function is based on its truncated series expansion. TO DQO: The
following involves the differential of the Hencky strain function. For some
reason it doesn’t appear to give convergence. Therefore, we still omit this
and replace the Hencky strain differential by the differential of the La-
grangian strain. This is expected to work for reasonably small straining.

Find a remedy!”

This comment points out an unresolved issue with the convergence of a spe-
cific mathematical function used in the software. The temporary solution,
while working under certain conditions, highlights the ongoing struggle to

achieve an accurate and reliable representation of the scientific model.

e Assumptions: The necessity to embed assumptions within the code due to

limitations in data, understanding, or computational resources. These assump-
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tions, while necessary for initial model development, may introduce inaccuracies

or biases that affect the outcomes of simulations and analyses.

— Example from CESM: “We assume here that new ice arrives at the sur-
face with the same temperature as the surface. TODO: Make sure this as-

sumption is consistent with energy conservation for coupled simulations.”

This example showcases an assumption made to simplify the modeling of
ice formation. The need to verify this assumption underscores the po-
tential risk of it affecting the accuracy of energy conservation in coupled

simulations, reflecting the impact of embedded scientific assumptions.

e New Scientific Findings: The need to continually update software to re-
flect the latest scientific discoveries and advancements. Failure to incorporate
new findings can result in outdated models that do not leverage the most cur-
rent scientific knowledge, thereby diminishing the relevance and accuracy of the

software.

— Example from Astropy: “This frame is defined as a velocity of 220
km/s in the direction of [=270, b=0. The rotation velocity is defined in:
Kerr and Lynden-Bell 1986, Review of galactic constants. NOTE: should
this be [=90 or 2707 (WCS paper says 90).”

This comment indicates a discrepancy in the scientific constants used, with
references to differing values in literature. It highlights the necessity to
review and update the code to incorporate the most accurate and current

scientific findings.

e Missing Edge Cases: Limitations in the software’s ability to handle all rele-
vant scenarios or edge cases. This can lead to incomplete or erroneous results,
particularly in complex scientific domains where edge cases may have significant

implications.

— Example from ROOT: “This does not work for large molecules that span
¢ half of the box!”
The comment points out a limitation in the software’s capability to handle
large molecules, which could lead to significant inaccuracies in simulations

involving such cases. It underscores the importance of ensuring compre-
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hensive coverage of all possible scenarios to maintain the reliability of the

software.

e Computational Accuracy: Instances where the mathematical or scientific
accuracy within the software is compromised. This can occur due to simpli-
fications, numerical precision issues, or incorrect implementation of scientific

algorithms, leading to unreliable or incorrect results.

— Example from GROMACS: “TODO: For large systems, a float may

not have enough precision.”

This comment highlights a concern with numerical precision in large sys-
tems. The use of float data types may lead to significant inaccuracies,
indicating a need for better precision management in scientific computa-

tions.

— Example from GROMACS: “Since the energy and not forces are inter-
polated, the net force might not be exactly zero. This can be solved by also
interpolating F', but that comes at a cost. A better hack is to remove the net
force every step, but that must be done at a higher level since this routine
doesn’t see all atoms if running in parallel. Don’t know how important it
1s? EL 990726.”

This comment describes a potential issue with force calculations due to
interpolation methods used. The proposed hack to address the issue indi-
cates a temporary workaround, highlighting the compromise in scientific

accuracy and the need for a more robust solution.

Figure 4.2 shows the distribution of Scientific Debt indicators across the analyzed
projects, with Assumptions and Missing Edge Cases being the most frequent. For
example, GROMACS has 37.82% assumptions, and CESM has 34.53%. These high
percentages suggest that these projects often rely on assumptions to simplify complex
phenomena or compensate for limited data and computational resources, reflecting a
pragmatic approach to advancing scientific inquiry.

Similarly, missing edge cases are prevalent, particularly in Firedrake (38.24%) and
Elmer (33.33%). This indicates significant challenges in handling all possible scenar-
ios within these projects, highlighting the difficulties in comprehensively testing and
validating SSW, which often deals with highly variable data and complex phenomena.



38

Scientific Debt Indicator Percentages by Project
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Figure 4.2: Percentage of Scientific Debt indicators across SSW

Computational accuracy issues are particularly prominent in projects like Astropy
(31.25%) and GROMACS (30.25%), underscoring the continuous challenge of main-
taining numerical precision and reliability in scientific computations.

Translation challenges are significant in projects such as MOOSE (30.56%) and
Athena (20.33%), highlighting the complexity of converting theoretical scientific mod-
els into practical computational algorithms, which reflects the intricate nature of SSW
development.

Although less prevalent, the integration of new scientific findings is still note-
worthy. Projects like Biopython and Athena exhibit 9.33% and 8.30%, respectively,
for this indicator. SSW continuously update their scientific models with the latest
findings to remain relevant and accurate. However, the relatively lower percentages
compared to other indicators suggest that such updates do not occur as frequently
as the other indicators, reflecting the fact that new scientific discoveries occur at a
slower pace or that the integration of these findings is a less common but still essential

part of maintaining the scientific integrity of the software.
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While Code Debt and Design Debt are the most prevalent types of SATD
in SSW, we identified a novel category called Scientific Debt. This category,
significant across all projects, includes indicators such as assumptions, missing
edge cases, computational accuracy, translation challenges, and new scientific

findings.

4.3 RQ2: Addressing Scientific Debt in SSW

4.3.1 Introduction and Removal Rates

To understand the dynamics of SD within SSW projects, we analyzed its introduc-
tion and removal over time. We determined the introduction and removal years for
each comment from the inception of the projects. Normalizing the yearly counts of
introduced and removed SD comments by the total number of SD comments for each
project allowed for comparisons across projects of varying sizes and activity levels.
To enhance readability and interpretability, we applied spline smoothing to the nor-
malized data, reducing noise and providing clearer visualizations of long-term trends.
The resulting trends are illustrated in Figure 4.3.

Figure 4.3 shows that most projects, such as Astropy, Biopython, Elmer, GRO-
MACS, and CESM, exhibit a clear pattern of increasing SD introduction rates early
in their life cycle, peaking mid-life, and subsequently declining. This trend sug-
gests rapid incorporation of new features and scientific advancements during early
and mid-development stages, leading to accumulated issues related to scientific ac-
curacy and reliability. However, projects like MOOSE and Athena show fluctuations
in their introduction rates, while Firedrake and Root display a continuous increase
in SD introduction, reflecting ongoing integration of new functionalities and possibly
a growing user base requiring continuous enhancements. These differences could be
due to several factors, including project-specific priorities, available resources, and
the complexity of the scientific problems being addressed.

The rate of SD removal is consistently lower than the rate of introduction across
all projects. This discrepancy highlights the challenge of managing and mitigating
SD effectively, as new SD is introduced faster than it is resolved. Moreover, for the
removal of SD, most projects, including Astropy, Biopython, GROMACS, MOOSE,
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Figure 4.3: Introduction and Removal Trends of Scientific Debt Across SSW Projects

and CESM, display parallel patterns where the removal trends closely follow the
introduction trends.

Upon a closer analysis of the dataset to understand the parallelism, the data in-
dicates that efforts to address Scientific Debt are frequently initiated soon after it
is introduced, particularly when the solution is known and readily implementable.
However, SD comments lacking a removal date tend to remain unaddressed for ex-
tended periods, suggesting they may be effectively ignored. This persistence implies
that unresolved issues are either particularly challenging or deemed less important,
causing them to remain in the backlog indefinitely. Additionally, TD that is not
causing immediate problems (interest) is not prioritized for resolution.

Overall, the findings from this analysis underscore the complexities and challenges
The observed trends
highlight the need for more effective strategies and tools to identify, prioritize, and
address SD to enhance the reliability and maintainability of SSW.

associated with managing Scientific Debt in SSW projects.
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4.3.2 Prioritization of Indicators

To gain deeper insights into which indicators of SD are prioritized and which are often
ignored, we calculated the percentage of comments that have been addressed, indi-
cated by the presence of a removal date. The results of this analysis are summarized
in Table 4.1, which shows the percentage of SD comments that are mostly addressed

across various indicators.

Table 4.1: Percentage of SD indicator type mostly addressed

Indicator Type Percentage Addressed
New Scientific Findings 54.92%
Computational Accuracy 53.57%
Missing Edge Cases 50.41%
Translation Challenges 44.74%
Assumptions 41.38%

Table 4.1 reveals that “New Scientific Findings” is the most frequently resolved
SD indicator, with a 54.92% resolution rate. This high resolution rate likely stems
from the necessity of incorporating the latest advancements to maintain software
relevance and accuracy. Following closely is “Computational Accuracy” with a 53.57%
resolution rate, underscoring the critical importance of precision in computations for
ensuring valid research outcomes.

In contrast, “Translation Challenges” and “Assumptions” are the least addressed
categories, with resolution rates of 44.74% and 41.38%, respectively. These lower
rates highlight the persistent difficulties in accurately translating complex scientific
concepts into code and managing the embedded assumptions that often accompany
SSW development.

This data suggests a selective prioritization in addressing SD, driven primarily by
the immediate impact on scientific accuracy and reliability. Categories that directly
affect the correctness of scientific computations, such as new scientific findings and
computational accuracy, tend to be resolved more promptly. Meanwhile, more ab-
stract issues like translation challenges and assumptions are less frequently addressed
and tend to persist longer.

These findings underscore the need for targeted strategies to manage Scientific
Debt effectively. Addressing less frequently resolved issues, such as translation chal-

lenges and assumptions, could significantly enhance the overall robustness and re-
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liability of SSW. By understanding which types of SD are prioritized and why, we
can better develop methodologies and tools to support developers in mitigating these

debts, ensuring the long-term sustainability and accuracy of SSW projects.

The rate at which Scientific Debt is addressed is significantly lower than the
rate at which it is introduced. The removal of SD often parallels its introduc-
tion, indicating that solutions are often implemented soon after SD is identified.
Among the different indicators, New Scientific Findings are the most frequently
addressed, reflecting their critical importance. In contrast, Translation Chal-
lenges and Assumptions are the least addressed, highlighting ongoing difficulties

in these areas.

4.4 RQ3: LLMs in Identifying Cross-Domain Knowl-
edge for Scientific Debt Management

Managing SSW effectively requires deep cross-domain knowledge, as demonstrated
by Kelly [24]. The complexity observed in our Scientific Debt categories highlights
the importance of understanding both scientific and software engineering domains.

A significant challenge in this context is the need to deepen expertise in a specific
domain—such as climatology for the Community Earth System Model (CESM)—to
better understand the relevant scientific context. This challenge was identified as a
critical pain point in Pinto et al.’s study [42], where the difficulty of building ex-
pertise in either software development or the scientific domain, depending on one’s
background, was emphasized.

LLMs have been posited as tools capable of supplementing background knowl-
edge and have shown promising results in generating summaries and passing domain-
specific quizzes [6], [58]. We aimed to determine if LLMs such as ChatGPT could
assist in identifying domain-specific challenges that require more than just software
engineering expertise. If LLMs can help efficiently identify code changes that impact
scientific outcomes, this would improve the prioritization of which SATD to target
for removal.

To test our hypothesis, we focused on evaluating ChatGPT’s ability to identify

issues within GitHub repositories that could impact scientific outcomes. Several scien-
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tific repositories label issues and Pull Requests (PRs) with potential scientific impact,
as this is usually a primary concern for stakeholders.

The results of our analysis are summarized below:

Accuracy: 0.75
e Precision: 0.68

Recall: 0.95

F1 Score: 0.80

The results indicate that ChatGPT is quite effective in identifying issues that
impact scientific results, with a high recall of 0.95. This means that the model is
excellent at detecting issues that indeed impact science, which is crucial for ensuring

that critical issues are not overlooked. For example, consider the following issue
identified in the CTSM project:

GitHub Issue Snapshot

Title: PotVeg surface dataset using the wrong Urban dataset
Description: The Potential Vegetation surface dataset: ../..c240216.nc is us-
ing the wrong urban input dataset. It should be using the zero-percent urban

dataset rather than the standard one.

In this case, ChatGPT successfully identified the issue where the Potential Vege-
tation surface dataset was using the incorrect urban input dataset, which would have
resulted in significantly incorrect scientific outcomes. The model flagged this as a
critical issue, highlighting its ability to detect errors that have a substantial impact
on scientific results.

However, the precision of 0.68 suggests that while the model identifies most of
the relevant issues, it also flags some issues that do not impact scientific results.
For instance, the model occasionally flagged minor formatting inconsistencies in code
comments as potential scientific impacts, even though these did not affect the sci-
entific outcomes. Notably, some issues flagged by the model as impacting science
appeared to be relevant but did not have the “impacts science” labels, indicating
that contributors might have overlooked labeling these issues. This trade-off indi-

cates that while the model is a powerful tool for highlighting potentially impactful
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issues, further refinement and perhaps human verification are necessary to ensure
optimal accuracy.

These findings suggest that LLMs like ChatGPT can play a crucial role in man-
aging Scientific Debt by identifying issues requiring domain-specific expertise. Future
research should aim to improve the model’s precision and integrate it into develop-
ment workflows to help researchers and developers prioritize and address TD more
effectively. By leveraging the capabilities of LLMs, we can enhance our understand-
ing and management of cross-domain challenges in SSW, ultimately improving the

reliability and accuracy of scientific outcomes.

Summary

Our analysis shows that LLMs like ChatGPT can effectively identify issues im-
pacting scientific outcomes in SSW. The model achieved high recall, indicating
strong detection of relevant issues, though the precision rate suggests some false
positives. These findings highlight the potential of LLMs in managing Scientific
Debt by identifying cross-domain knowledge requirements, aiding in resource

allocation, and issue prioritization.

4.5 Summary

The analysis of SATD within SSW has yielded significant insights into the nature of
TD in this specialized context and the challenges faced by developers in managing it.
Through the examination of the three research questions, we have uncovered several
key findings.

Our investigation into cross-domain challenges reflected in SATD (RQ1) revealed
that SD is a prevalent and distinct category of TD in SSW. SD is characterized by
issues that arise from the intersection of scientific and software engineering domains.
The prevalence of Code Debt, Design Debt, and Defect Debt underscores the prioriti-
zation of immediate scientific objectives over robust coding and design practices. This
trade-off often leads to the accumulation of SD, which manifests as translation chal-
lenges, assumptions, new scientific findings, missing edge cases, and computational
accuracy issues.

Examining the characteristics of SD (RQ2), we found that the introduction of SD

occurs at a faster rate than its resolution across most SSW projects. These projects
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typically show a pattern of increasing SD introduction rates early in their life cy-
cle, peaking mid-life, and subsequently declining. However, the rate of SD removal
consistently lags behind the rate of introduction, indicating persistent challenges
in managing and mitigating SD. Parallel patterns of SD introduction and removal
in several projects suggest that efforts to address SD are often initiated soon after
it is introduced, particularly when solutions are known and readily implementable.
Nonetheless, many SD comments remain unaddressed for extended periods, implying
that these issues are either particularly challenging or deemed less important.

The evaluation of LLMs in identifying cross-domain knowledge for SD manage-
ment (RQ3) demonstrated that LLMs like ChatGPT can effectively assist in iden-
tifying domain-specific challenges within GitHub repositories. The model exhibited
high recall in detecting issues that impact scientific outcomes, suggesting its poten-
tial utility in ensuring that critical issues are not overlooked. However, the precision
of the model indicates that it also flags some issues that do not impact scientific
results, highlighting the need for further refinement and human verification. These
findings suggest that LLMs can play a crucial role in identifying and prioritizing SD,
particularly in areas requiring domain-specific expertise.

Overall, the findings from our research underscore the complexity and multifaceted
nature of TD in SSW, particularly the intricate interplay between various knowledge
domains. The cross-domain challenges reflected in SD highlight the need for targeted
strategies that address the integration of scientific theories, computational methods,
and software engineering practices. Effectively managing SD is crucial for maintaining
the reliability and accuracy of SSW, which in turn supports the integrity of scientific
research outcomes. The use of LLMs presents a promising avenue for enhancing the
identification and management of SD by bridging gaps in domain-specific knowledge
and improving the prioritization of TD remediation efforts.

In the next chapter, we will examine the challenges and opportunities for future
research, focusing on refining the capabilities of LLMs to increase their precision and

integrating these models into standard development practices.
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Chapter 5

Discussion, Implications &

Limitations

In this chapter, we explore the broader implications and insights gained from our
study on SATD in SSW, with a particular focus on the complex interplay between
different knowledge domains. Our findings on Scientific Debt in SSW provide valuable
insights when viewed through the lens of Diane Kelly’s knowledge acquisition model
[24], which emphasizes the multifaceted nature of knowledge required in domain-
intensive software development. By contextualizing our findings within this frame-
work, we aim to deepen the understanding of how cross-domain challenges contribute
to the accumulation and management of SD in SSW.

We begin by discussing the various knowledge domains involved in SSW develop-
ment and how our findings complement existing theoretical models. This discussion
highlights the importance of integrating diverse knowledge types—such as Real-World
Knowledge, Theory-Based Knowledge, Software Knowledge, Execution Knowledge,
and Operational Knowledge—in addressing SD effectively. Understanding these do-
mains is crucial for practitioners and researchers alike, as it provides a foundation for
developing targeted strategies to manage SD and enhance the overall quality of SSW.

The chapter then moves on to explore the practical implications of our findings for
both researchers and practitioners. We offer actionable recommendations that can be
applied in real-world scenarios to improve the management of SD, emphasizing the
importance of interdisciplinary collaboration and the potential role of emerging tools
like LLMs. Additionally, we consider the implications for future research, suggesting

areas where further investigation could yield valuable insights into the dynamics of
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SD in SSW.

Finally, we address the limitations of our study, acknowledging the constraints
that may have influenced our findings and the steps taken to mitigate potential biases.
By critically examining these limitations, we provide a balanced perspective on the
study’s contributions and outline directions for future research. This comprehensive
discussion aims to guide future efforts in enhancing the quality, sustainability, and

effectiveness of SSW development in domain-intensive environments.

5.1 Knowledge Domains in Domain-Intensive Soft-

ware

Our findings on SD in SSW provide complementary insights when viewed through
the lens of Diane Kelly’s knowledge acquisition model [24]. Kelly’s model empha-
sizes continuous knowledge acquisition and integration, highlighting the need for deep
domain-specific knowledge and systematic approaches in SSW development.

Figure 5.1 is an application of Kelly’s knowledge domains to two hypothesized
team members. The “Scientist” represents an individual holding an advanced degree
in a science domain, who learns software development on the job. This is character-
istic of most SSW developers [17]. The “Developer” represents team members with
training in software engineering, e.g., through a Computer Science (CS) degree. The
spider diagram captures the extent of knowledge and skill in the different domains.
Developers are more skilled in Software and Execution, while Scientists excel in the
science (Theory) and Operation of the software (e.g., in making climate predictions).

Both our study and Kelly’s model emphasize the importance of domain-specific
knowledge in SSW development. We identified a novel category of TD, termed Sci-
entific Debt, with indicators like assumptions, missing edge cases, computational ac-
curacy, translation challenges, and new scientific findings. This aligns with Kelly’s
emphasis on Real-World and Theory-Based Knowledge, highlighting the necessity for
developers to deeply understand the scientific problems and principles behind the soft-
ware. The relevance of domain knowledge is also acknowledged in other work, such as
attracting new project participants [13], building effective cross-disciplinary projects
[11], and requirements engineering [41] (though knowing too much can sometimes be
unhelpful [49]).

Our observation of increased Scientific Debt during early software development
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Figure 5.1: Hypothesized Knowledge Competencies Across Domains

stages reflects the challenges of integrating scientific knowledge into code. Ongoing
interviews with project practitioners (as part of a related but separate study) support
this finding, as they highlighted difficulties in translating mathematical algorithms
into efficient Python code, underscoring the alignment between Kelly’s work, our
data, and practitioner experiences. These challenges are often compounded by the
rapid evolution of scientific domains, requiring constant updates and adjustments to
the software to accommodate new discoveries and methodologies.

Furthermore, Kelly’s model underscores the integration of testing with develop-
ment to ensure software accuracy and reliability. This is mirrored in our finding that
efforts to address SD often follow its introduction, indicating a systematic approach

to managing TD in SSW. In particular, our study reveals that addressing SD is not
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just about fixing bugs or optimizing code, but also about ensuring that the software
remains scientifically valid and reliable as new scientific knowledge emerges.

In addition to the integration of testing, the collaboration between Scientists and
Developers is crucial for successful SSW development. Scientists bring in-depth do-
main knowledge and understanding of the theoretical aspects, while Developers con-
tribute their expertise in software engineering practices and execution. This col-
laboration is essential for bridging the gap between scientific theory and practical
application, ensuring that the software developed is both scientifically accurate and
technically robust.

In summary, the application of Kelly’s knowledge acquisition model to our study
of SD in SSW highlights the critical role of domain-specific knowledge and system-
atic development approaches. By understanding and addressing Scientific Debt, SSW
projects can improve their code quality, maintainability, and scientific reliability, ul-
timately contributing to the advancement of scientific research and discovery. The
integration of domain expertise, continuous learning, and collaborative efforts be-
tween Scientists and Developers is key to overcoming the challenges inherent in SSW

development and ensuring the creation of high-quality, reliable SSW.

5.2 Implications for Researchers

While collaboration between diverse knowledge domains is crucial, the exact nature of
this collaboration remains ambiguous. For instance, studies have shown that pairing
scientists with software engineers can lead to challenges, as seen when a software
engineer and an astronomer struggled to align unit testing with scientific goals, and
another case where a software engineer faced difficulties applying standard testing
practices with nuclear scientists [28, 8]. These examples suggest that simply putting
different skills together may not suffice. This reinforces the key implication that
effective collaboration requires more than just assembling diverse skills; it
necessitates a deep integration and understanding of both scientific and
engineering perspectives, as supported by research in socio-technical congruence
[11].

Our research reveals the different types of knowledge necessary for SSW devel-
opment, such as Real-World Knowledge, Theory-Based Knowledge, Software Knowl-
edge, Execution Knowledge, and Operational Knowledge. However, the key impli-

cation here is that it is not yet clear which of these knowledge types is
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harder to acquire or better supported in LLMs. For example, is Real-World
Knowledge, which requires a deep domain-specific understanding of complex mathe-
matics and scientific principles, more challenging to gain than Software Knowledge?
An important corollary here is that scientific projects often cannot pay skilled soft-
ware professionals what they might expect, resulting in more scientific developers
moving from scientific domains, rather than software backgrounds [42].
Additionally, further research into the specific challenges and best prac-
tices for integrating these diverse knowledge domains is critical for devel-

oping more effective strategies for SSW development.

5.3 Implications for Practitioners

The identification and categorization of SD indicators offer a framework for practi-
tioners to prioritize TD. Understanding that new scientific findings and com-
putational accuracy are more frequently addressed, while translation chal-
lenges and assumptions are often neglected, allows for targeted strategies.
Practitioners can focus their efforts on these often-overlooked areas, ensuring that the
software remains robust and scientifically accurate.

The parallel patterns in SD introduction and removal highlight the need for a
systematic approach. Promptly addressing SD can prevent long-standing is-
sues, so regular reviews and refactoring cycles are essential. Implementing
a structured process for managing SD, such as integrating SD reviews into regular
development cycles, can help ensure that TD is addressed in a timely manner. This
proactive approach can significantly reduce the accumulation of unresolved TD, im-
proving the overall quality and maintainability of the software.

Using LLMs like ChatGPT shows promise in managing SD by identifying domain-
specific issues. Integrating LLMs into the development workflow can help de-
tect potential scientific impacts early, enabling timely interventions. How-
ever, human verification is necessary to improve precision and reduce false positives.
Practitioners should be trained to effectively use these tools, ensuring that they can
leverage the capabilities of LLMs while also applying their domain expertise to vali-
date the results.

The complexity of acquiring Real-World Knowledge versus Software
Knowledge suggests careful team composition. Interdisciplinary teams of sci-

entists and software engineers can bridge knowledge gaps and enhance software reli-
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ability and accuracy. Training programs focused on both domain-specific knowledge
and software engineering principles can further support collaboration. By fostering
an environment where both scientists and software engineers can learn
from each other and work together effectively, practitioners can create
more robust and reliable SSW.

In summary, the integration of diverse knowledge domains, systematic manage-
ment of Scientific Debt, and the effective use of advanced tools like LLMs are crucial
for the successful development of SSW. Practitioners should focus on creating inter-
disciplinary teams, implementing structured processes for managing TD, and contin-
uously improving their skills and knowledge to adapt to the evolving needs of SSW

development.

5.4 Threats to Validity

There are several threats to the validity of the work presented in this thesis. In this

section, we summarize the dangers and also present the steps taken to mitigate them.

5.4.1 Internal Validity

The internal validity of our study may be influenced by several factors related to
the methods and tools used in the research process. One major limitation is the
potential bias introduced through the manual labeling of SATD comments. Due to
the high rate of false positives from automated tools and the necessity to identify
previously unseen types of SATD, we chose to manually label the comments. This
manual process, while thorough, is inherently subject to the biases and knowledge
level of the labelers. To mitigate this, we involved multiple labelers and resolved
disagreements through discussion, ensuring a more balanced and accurate labeling
process.

Furthermore, the diversity of programming languages used in the analyzed projects
could impact our results. While our study includes projects written in languages like
Python, Fortran, and C++, the specific characteristics and challenges associated with
each language might influence the nature of SATD and its resolution. Fortran, for
example, is known for its extensive use in legacy SSW, which may present different
TD issues compared to more modern languages. This linguistic diversity necessitates

caution when generalizing our findings across all SSW projects.
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5.4.2 External Validity

The scientists and projects chosen for the study might not be representative of the
broader population of SSW developers due to several reasons. Firstly, the selection
of projects was limited to those with publicly available source code and active reposi-
tories, which may not fully capture the diversity of all SSW projects. This limitation
could impact the generalizability of our findings, as the practices, challenges, and
TD issues observed in these projects might differ from those in less prominent or less
active or private projects.

Furthermore, the specific scientific domains studied—such as astronomy, climate
modeling, molecular dynamics, and others—might have unique characteristics and
challenges that are not applicable to other scientific fields or types of software de-
velopment. Each domain has its own set of scientific principles, computational re-
quirements, and development practices, which can influence the nature and resolution
of TD. Consequently, findings related to SATD in these domains may not directly
translate to other fields with different computational and scientific needs.

To address these limitations and enhance the generalizability of the results, future
research should include a wider range of scientific fields and project types. Expand-
ing the scope of study to encompass diverse scientific disciplines and varying levels of
project activity will provide a more comprehensive understanding of SATD in SSW
development. Additionally, incorporating projects with different levels of maturity,
from nascent to well-established, can offer insights into how TD evolves and is man-

aged across the software lifecycle.

5.4.3 Construct Validity

The categorization of scientific comments is based on five indicators mentioned in
4.2. Since none of the labelers are experts in these scientific domains, there is a
risk that some scientific debt SATDs may be inaccurately categorized. To address
this, we tried our best to communicate with the contributors of the studied projects.
By seeking their insights and clarifications, we aimed to enhance the accuracy of
our categorizations and ensure that the context and content of the comments were
correctly understood.

The operational definitions of SATD and the roles of scientists may vary, leading
to inconsistencies in how these constructs are interpreted. We established clear and

precise definitions of what each type of SATD means within the scope of this study
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and applied these definitions consistently. This approach aimed to reduce ambiguity

and enhance the reliability of our interpretations.

5.4.4 Reliability

Data was collected using the Python library gitpython, which means any information
hosted in other version control systems, such as SVN (used by the CESM project),
was not recorded. This limitation was acknowledged, and efforts were made to use
the most comprehensive data available. Future research should consider integrating

data from multiple version control systems to provide a more complete picture.

5.5 Summary

In this chapter, we explored the multifaceted nature of knowledge acquisition in SSW
development and its implications for managing SATD. We made use of Kelly’s five key
knowledge domains essential for effective contributions to SSW projects: Real World
Knowledge, Theory-Based Knowledge, Software Knowledge, Execution Knowledge,
and Operational Knowledge. Through dynamic knowledge profiles visualized using
spider charts, we demonstrated how contributors from different backgrounds adapt
and grow in these domains over the course of a project.

We also delved into the comparative ease of acquiring different knowledge domains,
raising the critical question of whether it is easier for scientists to gain software
engineering skills or for software developers to attain deep scientific knowledge. This
analysis highlighted the inherent complexity of SSW projects and provided insights
into the factors influencing the accumulation and resolution of SATD.

Furthermore, we discussed the practical implications of our findings for SSW devel-
opment. We emphasized the importance of comprehensive documentation practices,
interdisciplinary collaboration, and focused training and skill development to man-
age TD effectively. We also highlighted the need for further research into automated
tools and techniques tailored for SSW, the impact of project characteristics on SATD

management, and educational strategies for TD management.
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Chapter 6
Conclusion

This thesis explored the largely uncharted territory of SATD within the domain of
SSW, introducing a novel category that we have termed Scientific Debt. This con-
cept is crucial to understanding the unique challenges posed by the development and
maintenance of software that is intricately tied to scientific inquiry. Through an ex-
tensive analysis of 28,680 code comments drawn from nine diverse, open-source SSW
projects, we have shed light on how Scientific Debt manifests, evolves, and often
persists within these projects.

The findings from our study reveal several critical challenges associated with Sci-
entific Debt. These include the pervasive use of assumptions, the handling of missing
edge cases, the occurrence of computational inaccuracies, difficulties in translating
complex scientific concepts into computational models, and the ongoing challenge of
integrating new scientific findings into existing software frameworks. These challenges
are not merely technical; they strike at the core of the reliability and validity of scien-
tific results, underscoring the importance of addressing Scientific Debt with the same
rigor as any other aspect of scientific research.

Our analysis also highlighted a concerning trend: the rate at which Scientific
Debt is addressed lags significantly behind its rate of introduction. While some types
of debt, such as those arising from new scientific findings, are more frequently re-
solved—likely due to their direct impact on the accuracy and relevance of the re-
search—other types, particularly those related to translation challenges and assump-
tions, are often neglected. This discrepancy suggests that while the scientific com-
munity is adept at responding to immediate and obvious issues, more subtle and
long-term problems may be left unresolved, potentially compromising the integrity of

the software over time.
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One of the most promising aspects of our research is the exploration of LLMs, such
as ChatGPT, in the context of managing Scientific Debt. Our study demonstrates
that LLMs have significant potential in identifying issues that could impact scientific
outcomes, offering a powerful tool for the early detection of problems that might
otherwise go unnoticed. The integration of such advanced tools into the development
workflow could greatly enhance the reliability, maintainability, and overall quality of
SSW, thereby contributing to more robust and reproducible scientific discoveries.

In conclusion, this thesis emphasizes the critical need for tailored strategies and
advanced tools to effectively manage Scientific Debt. Addressing this debt is not just
about maintaining code quality; it is about safeguarding the integrity of scientific
research itself. As SSW becomes increasingly central to the pursuit of knowledge, the
ability to manage its complexities, and particularly its debt, will be vital in ensuring

that scientific outcomes are reliable, accurate, and impactful.
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