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Zusammenfassung

Mit der Einführung und Verbreitung von Künstlicher Intelligenz und Daten-getriebenen

Anwendung, also Software, deren Funktionalität über die Verarbeitung großer Daten-

mengen umsetzt ist, sind viele Bereiche des Lebens grundlegend verändert worden.

Dies betrifft viele normale Nutzer und Nutzerinnen von Software, aber insbesondere

auch Software-Entwickler. In dieser Arbeit wird diese Veränderung aus der Perspektive

der Mensch-Computer-Interaktion betrachtet. Insbesondere geht es darum, wie Tech-

nologien wie Machine Learning das Arbeitsverhalten, die Werkzeuge und Methoden

von Entwicklern beeinflussen und verändern.

Dies wird aus zwei Perspektiven betrachtet:

Daten-getriebene Anwendung haben in vielen Bereichen neuartige Anwendun-

gen und Lösungansätze ermöglicht. Dies betrifft auch den Bereich der Software-

Entwicklung, in dem neue Software-Entwicklungs-Werkzeuge entstehen oder beste-

hende Werkzeuge weiterentwickelt werden. Natural Language Processing hat bspw.

neue Möglichkeiten eröffnet Code aus informellen, natürlich-sprachlichen Beschrei-

bungen zu generieren. Neben den dadurch ermöglichten neuen Werkzeugen, werden

Techniken bspw. des maschinellen Lernens auch in etablierte Werkzeuge integriert um

die Arbeit in der Software-Entwicklung zu verbessern, bspw. durch Personalisierung

und Adaptivität. Die erste Hälfte dieser Arbeit beschäftigt sich entsprechend damit, wie

diese Daten-getriebenen Technologien angewendet werden können um die Arbeit von

Software-Entwicklern und -Entwicklerinnen zu verbessern.

Für Software-Entwickler und -Entwicklerinnen hat die Verbreitung dieser Technolo-

gien allerdings noch eine zweite Konsequenz: Die Anwendungen, die sie entwick-
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eln, werden zukünftig zunehemnd derartige Daten-getriebene Funktionen beinhalten.

Da Daten-getriebene Anwendungen, im Vergleich zu traditioneller Softwar, einem

grundlegend anderen Funktionsprinzip folgen, bedeutet dies auch grundlegende Verän-

derungen in der Arbeitsweise und dem geschriebenen Software-Code. Aus diesem

Grund betrachtet die zweite Hälfte dieser Arbeit diese Unterschiede aus einer Mensch-

zentrierten Perspektive. Dabei geht es insbes. darum, wie diese Unterschiede sich auf

das Verhalten von Entwicklern und Entwicklerinnen auswirkt, wenn sie traditionellen und

Daten-getriebenen Code schreiben. Die Ergebnisse dieser Forschung zeigen dabei

die grundlegenden Unterschiede zwischen diesen Paradigmen und den damit verbun-

denen Herausforderungen in der Entwicklung. Daraufhin wird, unter Einbeziehung

der Literatur, untersucht, wie verschiedene Entwicklungs-Werkzeuge Entwickler und

Entwicklerinnen in ihrer Arbeit unterstützen können. Abschließend wird anhand eine

konkreten Implementierung eines Entwicklungs-Werkzeugs evaluiert, inwieweit un-

terschiedliche Design-Konezpte von Entwicklungs-Werkzeugen den Wünschen und

Anforderungen von Entwicklern und Entwicklerinnen in der Daten-getriebenen gerecht

werden und die Software-Entwicklungs unterstützen können.



Abstract

The introduction and widespread adoption of Artificial Intelligence and data-driven

applications, i.e. software systems that rely on large sets of data to define their

functionality, have created a paradigmatic shift in many areas of our lives, not just for

end users but particularly for professional software developers. In this dissertation,

we take a human-computer-interaction perspective on how technologies like Machine

Learning have affected software developers, their work practices, tools, methods, etc.

To this end, we consider two perspectives:

First, just as data-driven applications have enabled new types of applications

and solutions to challenges in many areas, they have also given software developers

new tools and approaches for writing and creating software. For example, natural

language processing has yielded systems for quickly generating working code from

informal descriptions. Besides new tools, applying Machine Learning techniques to

the wide landscape of existing development tools also promises to improve the work

of developers, e.g. with personalized and adaptive tools. Thus, the first half of this

dissertation will be dedicated to investigating how data-driven applications can be

applied to enhance the software development experience.

However, for developers, the widespread adoption of data-driven applications has

a second consequence: the kind of software they write changes to incorporate these

data-driven functionalities. Since there are paradigmatic differences in how data-driven

systems operate, compared to more traditional software systems, this naturally also

affects how they are developed and what their underlying code looks like. Therefore, the

second part of this dissertation is first concerned with these differences from a human-
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centered perspective, particularly how developer behavior differs when working on the

development of data-driven and traditional software systems, focusing on code reading.

Since this demonstrated that data-driven development has its unique challenges, we

then consider how tool support can help developers in these changing circumstances.

To this end, we explore the literature on tooling. This revealed both evolving and new

tools for this new reality but also highlighted areas where development tools can still be

improved and tailored to the requirements of data-driven development. Thus, we finally

explore new tool implementations to address the challenges of data-driven development

as well as the needs and wishes of developers that we elicited throughout this work.

Insights from these two parts demonstrate how the changes in the underlying

technology also drive changes in the human perspective. As the technology continues

to evolve at a growing pace, it will become equally important to continuously assess

this relationship to address any potential mismatch, ensure the continued quality of

software in the face of ever-increasing complexity, and ensure developers can continue

to effectively leverage these technologies to shape our lives with technology. This work

therefore can only contribute only a momentary assessment of the state of software

development and a foundation for future research into how data-driven applications

continue to affect software developers.
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1
Introduction

In our modern world, just about every domain is enabled, controlled, or in some way

influenced by software. Thus, high-quality software is an essential part of making

modern society, and many of the things we now take for granted work. The recent

widespread proliferation of Artificial Intelligence (AI) can contribute to this. This thesis

explores how AI can support the work of software developers in the pursuit of high-

quality software, focusing on two aspects: first, how AI can be utilized to improve

existing tools and create novel support mechanisms. As software developers are also

those who create Artificial Intelligence systems, this thesis will secondly explore how

this process differs from the creation of traditional software systems and how we can

support the creation of high-quality Artificial Intelligence systems as well.

To make sure that software can be of high quality, it was clear already at the

beginning of the field of Computer Science that it would be necessary to establish best

practices, and processes, and turn software development into an engineering discipline.

In consequence, in the 1968s the seminal NATO Software Engineering Conference in

Garmisch-Partenkirchen [21] initiated the field of Software Engineering, analogous to

mechanical engineering or civil engineering, which has become an essential part of

Computer Science.
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Since these beginnings, Software Engineering has come a long way and has

become a broad, established engineering discipline with an ever-growing population of

practitioners [61] and active research to push the field further ahead and improve how

software is created.

Recently, the field of Software Engineering has experienced considerable changes

due to advances in a second, similarly old research field in Computer Science: Artificial

Intelligence (AI). Unlike Software Engineering, the development of AI research over

the years has been less consistent. After some early seminal work in the 1950s and

1960s, followed by the “AI winter”, a phase of reduced interest and funding in the

1970s and 1980s, the field has seen a resurgence in the last decades, particularly

due to advancements in Machine Learning (ML) and the availability of large volumes

of data and computational resources. This has enabled many new applications and

technologies that have found their way into various aspects of our lives, from object and

speech recognition [236, 267, 344] to natural language processing [76, 193], or recom-

mender systems [136, 337]. More recently, systems such as Large Language Models

(LLMs) have enabled new generations of systems, tools, and user interfaces that

could increase productivity, simplify usage, and overall improve the work and lives of

many. Beyond this, there are many domains where active research and engineering is

taking place to create AI-based technologies, for example, autonomous driving [101] or

healthcare [277].

Naturally, the emerging capabilities of AI systems also affect Software Engineering.

While the promise is that AI will greatly simplify and accelerate software development,

the actual effects are not yet clear. For example, emerging technologies such as LLMs

have found broad use in software development. However, AI systems continue to

change and evolve, driven primarily by technological advancements. Understanding

what effect this technology has, in general, and on software developers specifically,

could help guide and steer these technological advances more effectively and to

greater ultimate benefit. This is particularly important because Software Engineering is

a human endeavor — software is ultimately still being developed by humans, making it

a crucial part of the effort to ensure its quality. As humans, software developers have

developer-specific behaviors and solution strategies to deal with the complex task of

building software. Likewise, with new technologies, new behaviors and practices will
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emerge and affect how developers use these technologies. The domain of human-

computer interaction plays an important role in understanding these human-centered

aspects of software development. Only by investigating how emerging technologies,

like AI, are being used by developers, we can gauge which effects and bene�ts these

technologies can contribute in practice. Additionally, having a sound understanding

of the human perspective on software development is an important prerequisite for

creating support mechanisms that do not just promise improvements in theory, but are

actually useable and useful in practice.

Thus, the goal of this thesis is to further our understanding of the human factors

that contribute to software development in a rapidly changing environment. This thesis

is therefore positioned at the intersection of these three areas, Software Engineering,

Arti�cial Intelligence, and human-computer interaction. The goal is to explore how the

recent rapid advancements in the �eld of AI affect software development practices

from a human-centered perspective, i.e., focusing on the effect on software developers

speci�cally and how to support them in the creation of high-quality software.

1.1 AI and Data-driven Applications

Historically, various technologies and techniques have fallen into the category of

Arti�cial Intelligence. Given this diversity but also the rapid pace at which this �eld is

evolving, precise de�nitions of the terminology can be challenging, beginning with what

“Arti�cial Intelligence” itself is exactly: according to the de�nition of McCarthy [185]

from as early as 1955, “Arti�cial Intelligence” describes “the science and engineering

of making intelligent machines”, thus sidestepping the de�nition of “intelligence” in

this context. Over time, new de�nitions have emerged, focusing on different aspects

and taking different perspectives of what constitutes “Arti�cial Intelligence” (see De

Spiegeleire et al. [63] for a comprehensive typology).

In modern AI systems, Machine Learning has crystallized as an effective technology

to facilitate this. In particular, methods that rely on large volumes of data have proven

very productive. These methods extract patterns and the desired functionality using
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statistical methods. First and foremost among are various forms of neural networks.

Thus, many of the current software systems that are considered AI use these Machine

Learning methods.

While ML methods are widely successful, they are by far not the only methods [44].

Furthermore, it may very well be that new methods will emerge in the future that utilize

different mechanisms to achieve the same goals. For this reason, this work focuses

on the variant “data-driven systems” or “data-driven software”, as they are sometimes

referred to in the literature (e.g. [120]). This name emphasizes the key difference

between this generation of systems and other types of software: its reliance on data

as the key driver. Consider as an illustrative example a software that detects faces in

images (a not uncommon use case for ML). If one were to solve this traditionally, the

developer would have to come up with a systematic algorithm, e.g., scan through the

pixels sequentially and store, transform, and compare the pixel values. They would then

encode these individual steps in code, thus spelling out the desired functionality. On

the other hand, when using data-driven software, the desired behavior is not explicitly

described step by step. Instead, the developer provides the systems with a large

volume of data that contains many examples of the desired input-output pairs. Using ML

methods, e.g., neural networks, the software must then infer the relationship between

the input and the output from the data. Thus, the desired behavior is encoded in the

data and not in the code which the developer writes. Instead, the work of developers

typically involves constructing the infrastructure around this process, e.g., how data

are read and preprocessed, the architecture of the ML model, and how the results are

used. Consequently, this development paradigm differs from the traditional approach

with changed or new steps in the development process, like feature engineering and

model tuning [120].

While the exact steps of the development process may change with the inclusion of

AI, building software is still a human activity. Creating software, data-driven or otherwise,

can be complex, though, particularly when the software itself is of a certain complexity

or size. The tasks and responsibilities of a developer during this can be quite broad,

including various aspects such as project and team management, customer or end-

user interaction for requirements engineering, maintaining the underlying infrastructure,

for development but also deployment, communication, quality assurance, and much
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more. Adding AI to the development further complicates this by adding additional

steps and processes for, e.g., collecting and managing data [120], or �ne-tuning these

probabilistic systems towards the desired behavior. Additionally, it also increases the

urgency and importance of other aspects, e.g., ethical [129] and legal questions [20,

285, 328]. Thus, it becomes evermore imperative to support software developers as

best as possible, so they have the best chance of producing high-quality software.

1.2 Supporting Developers with AI

Software Engineering research has produced and is continuing to contribute support for

the full breadth of developer activities. There is work on anything from high-level tasks

like understanding end users, requirements, and the underlying issues, over drafting

a technically viable system down to the low-level activities of encoding instructions

in a programming language. Some of the knowledge from this research on Software

Engineering may be transferrable to ML. However, certain aspects of ML, e.g., its

probabilistic nature, pose a challenge for applying existing research �ndings to this new

development paradigm. Thus, there are ongoing efforts to add, extend, or adapt this

research.

Out of this broad �eld, this work will primarily focus on one core activity of develop-

ers: the actual writing of the software in code. Virtually every professional developer

already uses a whole array of tools for writing code, from basic tools like simple editors

to complex tool suites and Integrated Development Environments (IDEs) that bundle

many features into a uni�ed interface. Their popularity highlights the impact that we

can have by better understanding how to effectively apply and improve coding tools.

The increasing ubiquity of AI has many effects on the tooling landscape, one of

which are new and improved tools, e.g. computational notebooks which are popular for

data-driven development [43, 139, 162, 307] or the increased levels of automation, e.g.

for bug detection [7, 293] or code generation [141, 208, 229]. Of course, these new

support mechanisms may require a change in established work practices, processes,

and developer preferences. Using AI to automate steps in the Software Engineering

process also raises concerns about best practices in the future. While AI may take

over many of the tasks from the developer, this is not without challenges. For example,
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modern AI systems are inherently probabilistic, raising questions of reliability, and how

to ensure quality [306]. A lack of knowledge about the underlying training data also

adds uncertainty, e.g., how licensing is affected for code derived from AI [20, 285, 328].

While there may be approaches to these challenges that focus on technology, a human-

centered perspective will likely be equally important since, after all, any technological

solution can only be successful if it is useful, usable, and ultimately used by humans.

Beyond this, there is also the question of how adopting AI can affect developer

behavior. For example, when developers can use AI to quickly generate large volumes

of code, they inadvertently can also quickly add complexity, while potentially spending

less time on re�ecting on the problem and the solution. Thus, it may be increasingly

important that developers understand Software Engineering principles, can assess

software quality, and are able to steer the AI tools toward the desired level of quality.

At the same time, AI support for programming also promises to lower the entry barrier

and increase accessibility, beginning to blur the line between trained professionals and

end-user developers. When people who may not have received a formal education in

Software Engineering are now broadly able to easily create software, it also becomes

increasingly important that Software Engineering principles and code quality become

similarly accessible as well.

Software Development with AI

Thus, the �rst key topic of this work is concerned with the effects that using AI as

a support mechanism has on software developers as an important stakeholder

in Software Engineering.

We contribute to this body of knowledge by investigating different aspects of how

tools that incorporate data-driven functionality can support software developers. To

this end, we consider how data-driven systems bene�t developers, focusing on two

questions:

Research Question 1:

How can existing development tools be extended with data-driven features

features?
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Research Question 2:

How do devleopers bene�t from newly emerging, AI-powered development tools?

1.3 Supporting Developers who Build AI

Beyond this, software developers are in a somewhat unique position: not only do they

bene�t from many of the advancements brought by AI, but they also fundamentally

shape these changes. AI ultimately is also just software that has been and will be

created, adapted, and modi�ed by developers. Thus, they play a central role in

facilitating the changes that AI brings to our daily lives and society as a whole. This

opportunity does come with a responsibility and further emphasizes the need for a solid

foundation in Software Engineering to ensure high-quality software.

However, while AI is at its core software, as mentioned, it does present a paradig-

matic shift in how these software systems operate: in traditional, i.e., not AI-powered,

software, the core working principles are encoded in algorithms and translated into a

programming language. This, however, becomes unfeasible for many of the domains

where AI excels due to the sheer complexity of many of the tackled problems. Therefore,

in modern AI systems, powered by ML, the instructions encoded by developers in a

programming language often only describe the infrastructure and data processing,

while the core functionality comes from patterns in large volumes of data. Extracting

these patterns happens automatically by means of Machine Learning methods. This

not only marks a paradigmatic shift in how the software operates but, in consequence,

will also greatly affect how developers think about it and how they behave during the

development of these kinds of systems.

At the same time, the ubiquity of these systems and their use in critical domains like

healthcare and mobility make it increasingly important that these AI systems operate

reliably and as intended. However, orderly and reliable Software Engineering of complex

traditional systems was already full of challenges and pitfalls without AI. Adding the

complexity of AI highlights more than ever that we need to understand how developers

work in this new reality. Understanding the actual practices, challenges, and needs

of software developers from a human-centered perspective will help us facilitate good
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engineering practice and design better support mechanisms and tools. This will be

necessary to mitigate the added complexity for the developers, and thus is an important

step towards well-engineered, high-quality software.

Software Development for AI

Thus, the second core topic of this work is concerned with a human-centered

perspective on this paradigmatic shift. It will explore how developers behave and

how to support them when they develop software that uses AI in its functionality.

In an effort to support developers in building software, there are already many

tools from academic research, corporate development, or through community efforts

(cf. Section 3.2). However, many of the existing tools were originally built to support

developers in an era when AI was not as commonplace. Thus, the question is how

these tools hold up in this new and changing world and whether they are still suitable

for the unique challenges that may arise while creating AI systems, e.g., for dealing

with large volumes of data, complexity, etc. To understand of software developers and

their tools are affected, we therefore work towards answering the following question:

Research Question 3:

What are the differences in the development of data-driven applications com-

pared to the development of traditional software that affects the behavior and

needs of developers?

Understanding the effect of AI on the behavior of developers can help to gauge

in which areas existing knowledge on Software Engineering still applies, and where

the behavior is so different that new or evolved tools are necessary. With a better

understanding of the developers' behavior, we then investigate how speci�c tool im-

plementations can support the development of data-driven applications, including an

exploration of how different programming paradigms can help them:

Research Question 4:

How can different tooling paradigms help to address the challenges that software

developers face during the creation of data-driven systems?
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By addressing these questions, this thesis provides a better understanding of the

effects that the inclusion of AI in Software Engineering has on developers and their

work. Our �ndings show that AI has great potential to support developers by giving

them new and evolved tools that offer concrete bene�ts like personalization or higher

productivity. At the same time, it also demonstrates how the creation of AI systems

is fundamentally different in some aspects. To cope with these differences, existing

support mechanisms may be inadequate and developers will require new or adapted

solutions to help them. The growing complexity that comes with adding AI makes it

essential that software developers receive adequate support whenever possible, in a

way that meets their needs, tackles the challenges of AI, and steers them towards the

goal of higher-quality software. A recurring thread in our work is the speci�c challenges

of supporting software developers, e.g., to achieve acceptance and adoption. This

emphasizes the importance of a human-centric perspective in this space. Thus, the

success of AI applications and, with it, the experience of end users and developers alike

will rely on insights from the intersection of research on AI technology, human-computer

interaction, and Software Engineering practices.

Summary and Overview of the Thesis

Table 1.1: Contributions of the individual chapters to the research questions

RQ Publications Contributions

Chapter 2 RQ 1 [C1, C6] Implemented tool, collected data set, data from
interview

RQ 2 [C2] Data from user study, incl. questionnaires, inter-
action data, static analysis of generated code

Chapter 3 RQ 3 [C7, C8] Data set of code repositories, static code analysis,
eye tracking, and questionnaire data and analysis

RQ 4 [C3–C5] Literature review, tool design concepts, tool im-
plementation, data from iterative user studies incl.
interaction data, questionnaires, and interviews

This thesis is divided into two main parts: Chapter 2 covers the �rst set of questions

about how we can improve the development process and the activities of developers
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with data-driven systems, i.e., by applying them to improve the work of software

developers. This includes efforts to enhance and improve existing tools with data-driven

technology to facilitate personalization and adaptation of the interface, as well as an

exploration of what effect this may have (Section 2.1).

Furthermore, with the evolving capabilities of AI systems, there are new and

emerging tools as well, e.g., Large Language Models (LLMs). Thus, this chapter will

also cover the effect that this technology has and how AI coding assistants can affect

the productivity and behavior of software developers (Section 2.2).

The second part deals with the fact that, compared to many other domains, software

developers are not only users of AI but are also in charge of building it. Given their

nature, developing data-driven systems presents a paradigmatic shift, compared to

developing traditional software. Chapter 3 will therefore explore the process of software

development for data-driven applications and what this means for software developers.

It �rst investigates what differences exist between traditional and data-driven software,

e.g., in terms of code structure, and how this affects the behavior of developers, e.g.,

code reading (Section 3.1).

Based on these insights, this second part then explores how tools that help de-

velopers build data-driven systems have evolved and may continue to adapt to these

changing circumstances in the future. Based on a literature review (Section 3.2) and

newly built tools that utilize multiple programming paradigms (Section 3.3), this chapter

provides some insights into what may be necessary to better support developers in a

way that is useful and �nds adoption in practice.

Following the �ndings from this research, I will re�ect in Chapter 4 on the state

of software development and how the three research �elds of Software Engineering,

Arti�cial Intelligence, and human-computer interaction can come together to facilitate

better development practices and ultimately better software. Finally, Chapter 5 will

conclude with potential future directions for these �elds in a world where data-driven

applications become increasingly ubiquitous and in�uential.

20 1 | Introduction



Research Context

The research summarized in this thesis was conducted during my time at the Media

Informatics Group and LMU Munich, starting in 2019. The work was supervised by

Heinrich Hußmann and Sven Mayer. Parts of it are based on a series of student theses.

See the list of Contributing Publications for a detailed breakdown of the contributions.

Additionally, Section 2.1 was informed by research conducted at fortiss in 2018.

In addition to the research in this thesis and extended work on software develop-

ment tools [315], I also contributed to research projects on interactive and explainable

AI [312] for the automotive context [322] and for image restoration [105, 313], as well

as a series of projects headed by Amy Melniczuk to enhance education with tangible

user interfaces [163–168, 170].
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2
Software Development with AI

As AI technologies are becoming more widely available, many domains attempt to inte-

grate it into their existing work�ows, processes, and tools to reap the promised bene�ts.

Software development is no exception to that. Common software development activities

like bug detection [7, 293], or code [141, 208, 229], test [58, 266] and documentation

generation [115] are some areas where AI techniques may exceed human capabilities

and alternative existing technologies. These examples focus primarily on the automa-

tion of common development activities, thus taking workload off of developers. Yet,

AI also has the potential to improve the development experience when a human still

needs to be in the loop. This typically comes in the form of augmenting existing tools

with AI features. In this chapter, we will explore RQ1, i.e. how we can augment existing

development tools using AI, speci�cally by adding adaptivity and personalization to

IDEs as common development tools. Secondly, we will address RQ2 and investigate

how novel, AI-powered tools for automating one of the most common development

activity — writing code — affect developer productivity.
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2.1 Software Development with an Adaptive User

Interface

This section is based on the following publications:

Thomas Weber, Rafael Vinicius Mourao Thiel, and Sven Mayer. “Supporting Software

Developers Through a Gaze-Based Adaptive IDE.” in: Proceedings of Mensch Und Com-

puter 2023. MuC '23. Rapperswil, Switzerland: Association for Computing Machinery,

2023, pp. 267–276. ISBN: 9798400707711. DOI: 10.1145/3603555.3603571
Matthias Schmidmaier, Zhiwei Han, Thomas Weber, Yuanting Liu, and Heinrich Hußmann.

“Real-Time Personalization in Adaptive IDEs.” In: Adjunct Publication of the 27th Con-

ference on User Modeling, Adaptation and Personalization. UMAP'19 Adjunct. Larnaca,

Cyprus: Association for Computing Machinery, 2019, pp. 81–86. ISBN: 9781450367110.

DOI: 10.1145/3314183.3324975

One type of feature that bene�ts greatly from data-driven software is personalization.

Tailoring a system to speci�c user needs can allow the user to work more ef�ciently

and effectively. While this has been possible in the past, it would require a considerable

con�guration effort by the user. Automated changes on the other hand did not have

the �exibility that would be necessary for personalization to individual user needs.

The introduction of AI to this process promises to enable highly �exible, very speci�c

adaptation. The data-driven nature of modern AI should allow it to detect highly user-

speci�c patterns from usage data which can then lead to automatic, user-, context-,

and situation-speci�c adaptations. The goal of these adaptions typically is to enhance

productivity and minimize the complexity of an interface.

One type of software development tool that, due to its abundance of functionality,

can be complex are IDEs. Due to the number of features, they risk to overwhelm

users [154]. Yet, rarely anyone requires all the features, particularly for novices, as

the sheer volume of panels, buttons, and parameters can be overwhelming [258].

Selecting the correct sub-system and working context for a task adds extra steps

and mental load [154]. Command-search and context-based hints are some of the

methods that modern IDEs use to address this issue. One step further are adaptive

IDEs, which apply user modeling to adapt and personalize the system to a developer's

individual preferences and demands. Adaptive UIs can support the user by shifting
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some workload and responsibility to the system; to be successful, the system must

determine the user's intent in a given context [175]. Several publications investigated

concepts for user adaptation in software development. Robillard et al. [252] present an

overview on recommendation systems for software engineering (RSSE). They describe

systems that provide recommendations based on user characteristics, conducted

tasks, task characteristics, or past user actions. Murphy-Hill et al. [198] combine

collaborative �ltering and a most widely-used algorithm to make developer command

recommendations. With a similar goal, Damevski et al. [60] present a topic modeling

approach for predicting future developer behavior in an IDE. Bulmer et al. [34] also

predict the developer's next interaction with several statistical learning models.

In the following, we present a concrete implementation of an adaptive IDE that

leverages usage and gaze data to support developers by adapting the layout of their

Visual Studio IDE. Furthermore, we contribute a �rst assessment of the feasibility

and perception by developers of such a system. This addresses RQ1 with a focus

speci�cally on adaptive interfaces as an example of a data-driven functionality in

software development tools.

To evaluate the potential bene�ts of adaptive interfaces, we developed a Visual

Studio extension that modi�ed the interface to be adaptive. We conducted an early

evaluation study (N=6) with software developers, which highlights that meaningful

adaptations can be achieved even from a small data set. Moreover, we gain insights into

the perceived bene�ts and drawbacks of layout adaptation and explore the desirability

of adaptive UIs for software development. Our results show that UI adaptations can

support developers during coding if, throughout the automated process, they still ensure

a degree of user control. The key here is that the layout adaptation is not unexpected

and distracting for the developer, which can be achieved by well-de�ned, infrequent,

and less abrupt adaptations.

In contrast to previous work we do not only explore how to identify and predict indi-

vidual user behavior, but also how to apply recommendations and interface adaptations.

Our system adapted the IDE up to 2.3 times per minute, but developers reported that

they perceived these changes only minimally. Additionally, developers are generally

open to layout adaptations supporting them. These are promising �rst results as our

gaze-based adaptation could support them while not distracting them from their pri-
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mary task. On the other hand, we also found that developers are skeptical when the

adaptation would restrict functionality in a future version of this system. In summary,

developers favor automatic adaptation as long as they have the opportunity to override

it if needed; thus, they never restrict them in their development.

2.1.1 Related Work

While adaptive UIs are an idea that has been around for a while, both, the application

for software development tools and the use of gaze as an information source, has

been explored only to a limited degree. The following section will outline some general

background information and highlight some of the existing literature on adaptive UIs in

this speci�c context.

2.1.1.1 Adapting UI

The UI layer is a crucial component in software applications. Ultimately, it connects

users to a software's functionality. So even a well-made software application might fall

short due to a suboptimal UI layer. Whereas some older user interface development

techniques, such as universal design [180], inclusive design [144], and design for all

[286], advocate a one-design-�ts-all approach, a user interface is dependent on its

context of use, which can be “decomposed into three facets: the user, the computing

platform [...] and the complete environment” [39]. Hence, it is hardly possible for one

user interface to accommodate all the use cases in a given context of use, leading to a

potentially diminished user experience [6] and less effective operation of the software

application.

Building only a single, �xed UI forces the designer to predict all possible variants of

usage — a task hardly possible. Alternatively, the UI can be con�gurable to user prefer-

ences, but this requires effort from the user and is in�exible in changing circumstances.

To mitigate this, one can instead design the UI to be adaptive. Such user interfaces

with adaptive properties are occasionally referred to as multi-context or multi-target

UIs [40], but this work will use the term adaptive UI.

An adaptive UI extends a regular user interface by adding adaptive elements and

layouts [25], thus tailoring the presentation of functionality to a user's task at hand,
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personal preferences, or different contexts of use. This can potentially “reduce visual

search time, cognitive load, and motor movement” [85]. In essence, an adaptive user

interface attempts to predict what a user might want to know or do and assist them

with it, so they have to spend less time and effort. This prediction can be de�ned by

users in the form of rule-based systems [94, 157], fully automated using, e.g., Machine

Learning [77, 160], or a hybrid human-in-the-loop system where user feedback steers

the automated prediction [188, C1]. All these variants roughly follow the blueprint for

a “dynamic [and] seamlessly personalized” [175] adaptive user interface as outlined

by Liu et al. [175] where an adaptive UI executes the following functions: (1) Observe

the interaction between the user and software application, (2) Identify distinguishable

episodes, (3) Recognize user behavior patterns, (4) Help users according to recognized

user plans, and (5) Build user pro�les to enable personalized interactions.

To perform these tasks, an adaptive UI should “extract as much useful information

[...] as possible” [175] and categorize that data into “episodes”. Data to make this

categorization can come from various sources, e.g., internal metrics from the software,

user interaction with mouse and keyboard, or, as we further explore, physical properties

of the user, like gaze. A suf�ciently large and varied database allows the system to �nd

hidden patterns in the data, which inform the adaptive functionality.

Whenever the system recognizes a pattern, thus being able to predict what the

user is going execute, it can adaptively offer support or simplify the actions. Lastly,

the system can create user pro�les to store relevant user-de�ned preferences and

user-speci�c patterns to provide long-term and evolving adaptions and personalization.

To further describe adaptive systems, Salehie et al. [260] presented a hierarchy of

adaptability in general software systems. This hierarchy also applies to adaptive UIs (cf.

Akiki et al. [6]). The hierarchy is as follows:

Context-awareness “indicates that a system is aware of its context, which is its

operating environment” [260] Only if the UI is aware of its context, it is able to

trigger adequate adaptations [6].

Self-con�guring “is the capability of re-con�guring automatically and dynamically in

response to changes” [260] The context of use is not static; it is constantly evolv-

ing (for example, a user's computer skills improve). Therefore, the adaptation
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rules have to be kept up to date. This can be done with a mechanism that

monitors changes in context; another alternative is the incorporation of user

feedback.

Self-optimizing “is the capability of managing performance and resource allocation

in order to satisfy the requirements of different users” [260]. In the context of

adaptive user interfaces, this can mean that a system can “self optimize by

adapting some of its properties” [6].

Where an adaptive UI can be positioned within this hierarchy depends on several

factors, e.g., the volume and variety of data. The more data a system has available,

particularly real-time data, the more it can typically infer about the context and user and

thus offer more complex adaptations. To this end, we explore gaze as an additional

data source beyond interaction patterns in the UI itself.

Eye tracking as a data source for adaptive UIs has been the topic of some research

projects, e.g., by Pfeuffer et al. [232] who utilized gaze data for an adaptive UI in an

augmented reality (AR) setting to show or hide virtual information depending on whether

the user looks at the real-world environment or the AR elements. Göbel et al. [96] also

uses eye tracking to adapt a UI for displaying maps to hide irrelevant information and

highlight relevant UI elements. An alternative to this is to rearrange UI elements to

minimize load on the user, as done, for example, by Gebhardt et al. [93].

Zhang et al. [335] similarly used gaze as a means to infer users' intent for a text

formatting task. Using gaze data alone, they were only able to achieve an accuracy of

roughly 40%. While they did also use actions for intent classi�cation to greater success,

they did not yet combine multiple data sources and propose this as an interesting

approach. Furthermore, their analysis, so far, focused on accuracy metrics, and did not

assess adaptations based on intent prediction or the subjective perception of these.

As these examples show, using gaze data has proven an interesting and feasible

source of data for adaptive UIs in select speci�c contexts and also to infer a user's

mental state [55]. However, it appears gaze should be leveraged in combination with

additional data sources [335]. With this work described in this chapter, we contribute

to this by investigating an adaptive UIs using gaze and interaction data in the context

of software development tools where existing tools offer a high degree of complexity,
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putting a lot of mental load onto the user [154, 258]. These UIs are often not very

visual and rely heavily on the text, while many expert users often rely on shortcuts.

A lot of the interaction thus happens during reading and thinking of the developer in

front of the UI, which makes common data sources for adaptations like user input

or prior-knowledge [295] less helpful on their own, thus making gaze an interesting

additional data source.

2.1.1.2 Adaptive UI Modi�actions

The previous section described on which basis an adaptive user interface should

make its adaptations. Now, how can the adaptive UI then translate those triggers into

the visual layer and offer assistance? We distinguish between different degrees of

adaptation, ranging from adaptations of the visual presentation to adaptations of the

underlying system functionality.

Changes to the presentation can start with very subtle adaptations. Providing

contextual hints and tips is one fairly common example. Instead of showing additional

information, an adaptive system can also do the opposite and hide information, which

presents a slightly more serious intervention in the interaction. Ideally, this should

only affect less relevant information and be easily reversible. Since this must not be a

binary decision, the information is there or not, but can also mean that information is

partially hidden or made less visible or intrusive, sometimes described as “dimming” the

information [35]. The goal here is typically to “reduce cognitive overload and support

task focus �ow” [C1].

Going beyond simple changes to the visual appearance, adaptations can also

trigger or change system behavior. This is typically done in an effort to “dynamically

enhance the user's work�ow” [C1], provide shortcuts, and increase ef�ciency. A system

can determine what sequence of actions is typical for a user and then provide speci�c

shortcuts that group these actions into a single command. Taking this one step further,

when the system is able to predict what a user typically would do next, it could go ahead

and execute those commands automatically (cf. Schmidmaier et al. [C1]). To predict

2.1 | Software Development with an Adaptive User Interface 29



the next upcoming command, the system will require an abundance of contextual

information, though, particularly in complex systems where adaptations make sense,

the search space for potential commands tends to be quite large.

Such dramatic changes only make sense in a few circumstances and require the

user to be very familiar with them so as not to be confusing, as they otherwise run

the risk of having adverse effects on usability, which could negate the bene�t of the

adaptations.

2.1.1.3 User Acceptance

Adaptations, particularly the more aggressive interventions into the system's functional-

ity like those mentioned above, can certainly reduce the time spent on tasks, but they

can also increase the risk that it becomes unclear to the user why and when actions are

executed and reduce the predictability of the system. “Disorientation and the feeling of

losing control” [227] make it necessary that an adaptive UI offers additional mitigating

support mechanisms to maintain a certain degree of understanding and control like

post-hoc explanations, con�rmation requests, feedback and undo functionality. When-

ever adaptations occur, the user has to be able to understand the automatic changes

to the UI — it is important to support a “feeling of continuity between the UI before and

after adaption” [70] and to show the user what caused the adaptation, leading to better

predictability of the system behavior [134]. The implementation of a feedback loop

can increase transparency and user acceptance. Furthermore, user feedback should

not only be used for future adaptations but, if applicable, undo current adaptations as

well to give back control to the user. Since incorrect adaptations can be considered an

additional burden to the user [319], the bene�ts of correct adaptation have to outweigh

the costs of those usability hiccups. Using user-centered methods during design and

continuous user feedback should help reduce the average usability cost of an adaptive

UI, making them more viable and bene�cial.

2.1.1.4 Adaptive UIs for Software Development

Software devleopers, of course, are a different target group than general end users.

Given their expertise with technology, they may be open to controlling an adaptive
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UI or may even expect this level of user control. There is, in fact, research into how

software developers can facilitate and control UI adaptations, like the Adapt-UI system

by Yigitbas et al. [331, 332] which uses the model-driven development to simplify the

creation of runtime adaptations of UIs.

So far, most such systems that predict the developers behavior are limited in how

the prediction is utilized [34, 60, 92, 198], though, typically in the form of action recom-

mendations and not in automatic adaptations. Robillard et al. [251] present an overview

of such recommendation systems for software engineering (RSSE). They describe

systems that provide recommendations based on user characteristics, conducted task,

task characteristics or past user actions. The presented applications support devel-

opers by recommending reuse of speci�c code fragments, expert consultants, code

examples, information navigation or what parts of code to change next. A similar

overview on software development recommendation systems is given by Happel et al.

[108]. Murphy-Hill et al. [198] combine collaborative �ltering and multiple discovery

algorithms to make developer command recommendations. Based on a dataset of

around 4000 developers, they were able to recommend commands with an accuracy

of about 30%. In addition, they conducted a live study, manually presenting recom-

mendations to novice and expert users to evaluate usefulness and acceptance. In a

more recent work, Damevski et al. [60] present a topic modeling approach (Temporal

Latent Dirichlet Allocation) for predicting future developer behavior in an IDE. However,

they do not implement or evaluate any forms of recommendation or system adaptation.

Similarly, Bulmer et al. [34] also predict developers' next interaction with up to 64%

accuracy using a neural network trained on a dataset with interaction data from 3000

developers. Regarding personalized recommendation in IDEs, Gasparic et al. [92]

introduced a command recommender system based on the developer's current work

context and his previous knowledge of commands. With this approach, the user also

gets personalized recommendations for relevant commands that he is assumingly not

aware of.

These systems build on the interaction data, which is available directly from the

development environment but do not yet draw on additional external sources of in-

formation about the developer, like gaze. Still, in the context of software developers,

eye-tracking has proven useful, though, yielding information about the behavior of
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software developers, e.g., code reading behavior [37, 228, C7], code comprehension

[23, 254], or debugging [22, 118], so it is a promising additional source of information for

UI adaptations. We will therefore explore how gaze data can contribute to an adaptive

IDE.

2.1.2 A Gaze-Adaptive IDE

While adaptive UIs can come in many forms, the goal is always to ease user access to

functionality or information. In the context of an IDE, a UI that contains an overabun-

dance of information and functions, we see two particular aspects of the UI that can be

simpli�ed by automatic adaptation: (1) timely access to relevant information and (2)

choosing the correct functionality from the large range of IDE features. For this, we

utilize the users' gaze and interaction data to adapt the UI's layout to make relevant

information and features more visible. In detail, we developed a Visual Studio plugin,

which adapts the layout of the IDE to support the developer during various tasks by

changing the size of window elements.

2.1.2.1 System Design

We base the design of our prototype — as most adaptive systems — on two primary

decisions: (1) what does change in the UI? and (2) what triggers these changes?

When deciding what parts of the UI should be changed, we considered that radical

UI changes can also be distracting, particularly when UI elements change position [85,

194]. This is particularly unfortunate when the developer is in the middle of a lengthy

task and is in a state of �ow [205], where distractions may be worse than what is

gained by the adaptations. Therefore, we decided to focus on information dimming and

highlighting. Rather than radical changes in the UI, this means gradually removing less

relevant or redundant information and making important information more salient.

Most IDEs continuously present much information unrelated to the user's current

task and only becomes important in certain situations. Being ever present, the user may

easily ignore or overlook this information when it suddenly becomes relevant. Thus, we

focus on ensuring that this information is noticed adequately by changing the layout and

dimensions of the IDE's panels to increase their visual presence. This way, information
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will grow gradually if the underlying system deems it increasingly relevant to a variable

size, and no UI element vanishes or becomes inaccessible. By tuning our system, we

also ensured that the main editor of the IDE, where mostly all user input and little output

happens, remains suf�ciently large, as we do not want to de�ect from the IDE's main

purpose, to write code. Layout changes are also fairly easy to implement, making it

a good choice for early design explorations, and it is easy to determine whether an

adaptation was actually performed.

We generally decided to limit the changes and only apply them in small increments

to minimize the risk of the aforementioned unwanted effects. Other, more aggressive

changes, like pop-ups, changes in color, or even animations to get the users' attention,

are possible. Such more drastic changes are likely more subject to personal prefer-

ences, though, and would skew the perception of our users. When subdued changes

already elicit positive feedback, then future studies can determine how much adapta-

tion is acceptable. Likewise, combinations of different adaptations are a reasonable

approach for real-world applications. However, this makes any systematic evaluation

challenging, so we focused on layout changes for now.

Concerning the trigger, we wanted them to be triggered by the context of use and

guided by gaze data. With contextual information, we had two options: (1) manually

de�ne rules that map a given context to an adaptation, or (2) automate this process and

let the system infer the relationship using machine learning. Rule-based systems have

the advantage that they are typically easier to comprehend and control. However, they

require expertise and experience to de�ne good rules, and it is unclear how exactly we

can utilize gaze data for manual rules. Automation with a continuously learning system

also offers added �exibility, where rules can be personalized on-the-�y and through

continued usage. Thus, we chose the second choice, using Machine Learning for

layout adaptation. Although, it remained a design consideration that adaptations should

not occur randomly since this would likely distract the user and, thus, limit ef�ciency for

their tasks. Instead, an optimal adaptation system triggers the adaptations, ideally so

that the user can understand and expect the adaptations after a learning phase.
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Figure 2.1: Our gaze-based adaptive IDE extension changes the layout of the IDE de-

pending on the developers' intent. For example, when the prediction models determine

an increased relevance for the terminal output in the IDE (1), the code editor (2) and

other UI elements (3) shrink while the output panel (1) grows in size. This can highlight

or reveal otherwise missed information.

2.1.2.2 Data Collection Study

For our adaptive IDE, we focused on a time series of gaze and interaction data, which,

given a high enough resolution, give a detailed context of the user's focus of attention

and the usage of the IDE, respectively. Since no suitable data set to support such

development was publicly available, we �rst collected a set of data enabling us to train

a machine learning model for real-time layout adaptation.

Procedure After welcoming the participating software developers and answering

any open questions, we asked them to sign an informed-consent form and �ll in a

demographics form. Then we invited the software developers to perform a series of

well-de�ned tasks using an instrumented IDE. The tasks engaged the users with the

IDE to ensure that our training data was meaningful and not just undirected, idle action.

Therefore, we asked them to �nd and �x bugs in a set of seven sorting algorithms we

provided, as this included both reading and writing code across multiple �les. We did

not give a number of errors in the code, but merely asked the participant to correct the

code until it performs as speci�ed, i.e., correctly sorting the input. The task description

was always available on a secondary screen. Each participant had 30 minutes to do
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this. This time limit was chosen based on feedback from previous studies, in an effort

to prevent exhaustion, which would negatively affect task performance, attention and

thus potentially diminish the value of the gaze data.

Apparatus Participants worked in a well-lit working space with a mouse, a keyboard,

and a 27" screen with a 1920 � 1080 pixels resolution. We used a Tobii Eye Tracker

4C1 to record the gaze. We calibrated the eye tracker for each participant. With the

iTrace software [269], we could then match gaze to UI elements in the IDE window. Due

to compatibility with the iTrace software, we exclusively worked with Microsoft Visual

Studio 2017. To get a richer data set, we also utilized the Visual Studio API to extract

the window's name, i.e., UI segment, on which iTrace detected the gaze. Beyond this,

we used the Visual Studio API to capture the user's interactions with the IDE in the

form of UI events.

Participants Six participants contributed to the data set, yielding 180 minutes of

gaze and interaction data with about one million data points. The participants were

between 20 and 30 years old and had an academic computer science background and

at least a Bachelor's degree, with up to �ve years of professional software development

experience. All of them completed the bug �xing task to completion in the given

timeframe.

Recorded Data We preprocessed the raw gaze data from our participants, mainly a

standardization of the timestamps. Next, we extracted the gaze �xations; leaving all

other gaze points in the data set could lead to information being hidden or highlighted,

even though the triggering gaze was only a glance and not intentional attention. For

this, we used the algorithm of the PyGaze [59] library to �lter these gaze points and

transform the raw gaze coordinates into �xation points. With continuous gaze turned

into discrete time events, we could then pair each �xation with the corresponding UI

events from the IDE. The combination of �xated UI event and actual interactions in the

IDE should further reduce the likelihood of unexpected changes. The Visual Studio

API constrained the kind of UI events we could collect. It provided us with four event

1https://www.tobii.com
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Figure 2.2: Our model uses the last twenty entries (input width) of interaction and gaze

data, which are labeled with the �xated UI window, to predict a single step into the

future (prediction width) which UI element will likely become relevant1.

types — Window Event, Command Event, Document Event, and Solution Event —

each representing an interaction with the corresponding part of the IDE. Every event

itself also holds additional properties and meta-information, for example, the triggering

interaction and what element the target was. The Visual Studio API, iTrace [269], and

FeedBaG++ [10] allowed us further to enrich each �xation with information from the UI

elements. In total, each sample has 168 features values. So, we matched each �xation

to one of the following elements:

• The code editor window that allows the user to write and change code inside

an open �le.

• The output window where a running program prints out logs and results.

• A window that allows the user to change project-speci�c settings.

• The �le explorer from which a user can open or move �les.

• A Visual Studio window that displays varying content depending on the IDE tools

used by the user.

The combination of �xations from the gaze data, the meta-information for its corre-

sponding UI element, and the UI events left us with a data set of about half a million

sequential data.
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2.1.2.3 Model

We trained a long short-term memory (LSTM) model with this data set to predict a

suitable UI adaption using TensorFlow and Keras. We used a window size of 20

samples to predict the next important UI element, see Figure 2.2. While window size

can be selected arbitrarily, we used a window size of 20, as it yielded good results and

seemed to capture the current task. We trained the LSTM model to output a numerical

importance score for each of the �ve possible panels.

After hyperparameter tuning, we found that three LSTM layers with 32, 64, and 32

neurons, followed by a dense layer as the output layer, performed the best. Moreover,

we used a categorical cross-entropy loss function with a softmax activation function on

the output layer. Any other parameters were left as their default value. As optimizer,

we used the Adam optimizer with a batch size of 32, and we trained the model for 50

epochs. Finally, we used a time-based 70:30 train-validation split.

The �nal model achieved � 82% accuracy on the validation set. This model may

leave room for improvement, but it does provide good results, given our validation set.

The number of respective units and the amount of stacked LSTM layers may be altered

in the future to optimize the model further.

2.1.2.4 Prototype

To incorporate this model into an IDE, we implemented a Visual Studio extension using

the Visual Studio Extension API to access the IDE's internal event logging and the

ability to change its behavior, in our case, the size and layout of the panels within

the IDE window. A Python backend hooked up via a REST API is responsible for

incorporating the Machine Learning model, which decides when and how to change

the UI. The expansion forwards any registered user input at the UI level to the backend.

The backend uses 20 user inputs to generate a prediction and assess which UI element

will be relevant next. The backend returns the prediction to the IDE, which adapts its

user interface accordingly.

The whole architecture of our adaptive IDE Visual Studio Extension is illustrated

in Figure 2.3. The Visual Studio Extension captures the Event Stream similarly to

1cf. https://www.tensor�ow.org/tutorials/structured_data/time_series
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Figure 2.3: The prototype captures events inside the IDE and sends them to a backend

via REST API. There the data is preprocessed, and a Machine Learning system predicts

what UI elements are likely to be relevant. After sending this prediction back to the

IDE, the IDE extensions adapt the UI accordingly, scaling the elements to match their

predicted relevance.

the FeedBaG++ tool [10]. The backend Transformer preprocesses the data for the

Predictor. We pre-trained the Predictor with the Training Data from the data collection

study. Whenever the Window Controller receives a prediction, it adapts the UI windows

in size; in detail, it extends the default UI elements such that they can be stretched

and shrunk at will (as showcased in Figure 2.1). Users can still manually change their

size by drag-and-drop, and the Window Controller adapts their size relative to this

manual preset. So, when the Predictor predicts one window of greater relevance, the

Window Controller stretches this window and shrinks the other windows accordingly.

If the prediction is ambiguous, the Window Controller promotes the code editor as

a fallback solution. The changes made to the window sizes happen instantaneously

without animation, so abrupt size changes are possible.

At this stage, even with the limited input data set, the prototype system can capture

the user's context of use in real time and forward this information to a trained LSTM

model that attempts to predict a window the user might consider relevant for the given

context of use, and adapt the IDE's user interface to the predictions accordingly. The

whole process takes no more than a few seconds and does not slow down the IDE's
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performance. While the technical feasibility is a good starting point, feedback from users

is necessary to determine whether this technical solution also provides meaningful

bene�ts in practice.

2.1.2.5 System Evaluation

We conducted a qualitative evaluation to assess whether our proof-of-concept already

provides enough support that developers notice the adaptations and see their bene�ts.

Since programming in an IDE is a highly creative activity where many ways can lead to

a solution, comparability between software developers and programming tasks is often

barely possible.

As personal experience with Visual Studio and its many features result in personal

preferences, quantitative performance measures are hard to assess. Gajos et al. [88]

highlighted this as they attempted to evaluate adaptive UIs quantitatively but found

it challenging, while subjective and qualitative measures were more expressive. In

contrast, qualitative feedback can still give a good impression of how people view the

changes in our adaptive IDE generally, whether they see value in them and how the

current prototype can be improved in the future into a production-ready tool. Therefore,

we only collected qualitative feedback about the adaptations and their bene�ts. For

this, we invited six new participants to use the adaptive IDE for a small set of tasks,

after which we interviewed them about their experience. Additionally, we recorded the

internal behavior of the adaptive component to be able to reproduce when and how

often UI elements changed during the evaluation.

Procedure After welcoming participants in person, we explained the purpose of the

study and answered any open questions. Then we asked them to give written informed

consent. Afterward, we asked them to sit down in front of a 27-inch monitor with a

1920 � 1080 pixel resolution, a keyboard, a mouse, and a Tobii Eye Tracker 4C (as in

the data collection study). We presented the task as a Visual Studio project.

We asked participants to work on tasks in a controlled environment using the

adaptive IDE with the eye tracker for 30 minutes. During the interaction, the adaptive

IDE recorded and analyzed their behavior and adapted the UI accordingly. To avoid

confusion, we informed the users of this behavior — after all, when someone would
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use an adaptive IDE in the wild, they too would know of this feature. The objective of

the tasks was to keep the participants busy and interacting with the IDE, thus triggering

a constant stream of events. In detail, we asked them to implement an algorithm for

searching text and benchmark their code against a provided linear search algorithm.

The success of the task itself was not the goal here. Instead, we designed the task to

involve various interactions within the IDE, including writing and reading code, executing

it, assessing the output, and making adjustments to ensure that different UI adaptations

would occur.

After performing this task for 30 minutes, we asked the participants a series of

questions in the form of a semi-structured interview. During the interview, participants

had the opportunity to provide us with feedback and were encouraged to share their

ideas with us for potential improvements.

Interview Guide We wanted to know whether participants noticed any adaptations

and how they perceived them. After getting a �rst impression, we moved on to more

precise questions regarding the adaptations that occurred during the task, e.g., did

they maintain their state for too long or too short? With a �rm grasp of the capabilities

of our prototype, we then asked to give speci�c feedback for our prototype, speci�cally

what changes in the UI were helpful and which were detrimental, which further aspects

of the UI they would like to see adapted, and what their expectations are for long-term

use. Moving from our prototype to adaptive UIs in general, we also discussed different

types of adaptations and methods of personalization in IDEs and how the participants

perceived them.

Participants We invited six participants. Like the group for data collection, they all

fell in the 20 to 30-year age group, and had at least a bachelor's degree in computer

science and prior experience with professional software development. According to

their feedback, all felt comfortable with the given code and had no problems with the

task. All of them also had previously used an IDE, although not necessarily this version

of Visual Studio, and were thus familiar with all the general UI elements which were

present in our study.
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2.1.2.6 Results

We used af�nity diagramming [109] to label and cluster the statements of our partici-

pants into common themes and by their value judgment. For example, whether they

perceived the IDE adaptation as positive or negative.

All participants noticed adaptations, although some only barely. Some appeared

to remember some changes to the UI happening during their coding, and only in

hindsight could they attribute those impressions to the adaptive IDE. However, even if

they did not notice all of them, the extension logs revealed that each participant had

between 5 and 70 adaptations in the 30 minutes. The participants were surprised when

we confronted them with the absolute number of adaptations during the 30 minutes

task, as they assumed a lower number. However, it is important to note that not all

adaptions during the usage were extreme changes to the UI. Sometimes changes were

subtle, short-lived, and incremental, which participants can easily miss due to change

blindness [282].

The overall impression was fairly neutral when asked about their attitude toward

the adaptations. The adaptations did not negatively impact the coding task or distract

participants from their work�ow. Moreover, participants agreed that adaptations were

suitable for a given context. Finally, participants identi�ed that the adaptations were

suitable for the context in which they appeared. They could see the value of an adaptive,

supporting UI regarding ease of use and ef�ciency.

Participants stated that to rate the adaptation positively, they needed to perceive

the impact of the adaptation more clearly. Thus, the participants concluded that they

observed too few adaptations and that a longer period of working with an adaptive IDE

would be necessary to gauge their effect better. In contrast, we argue that perceivable

adaptations are not desirable, as they most likely will distract from the development

task itself.

The participants agreed that the worst-case scenario for adaptations in real-world

use would be that they could hide relevant information, since the system erroneously

considers other information to be more important. Fortunately, during our evaluation,

this only occurred in a single instance. Here, the output window overlapped the code
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editor, hindering them from proceeding with coding. However, the participant �xed

the issue quickly by adjusting the window layout. To account for such issues, another

participant noted that a useful constraint could be to have the code visible at all times.

We also asked whether our participants would prefer smooth, animated transitions

or more abrupt changes. Here, everyone except one participant agreed that they

preferred the transition-less adaptations. They argued that animations could attract too

much attention. Beyond our initial IDE adaptation, participants positively perceived UI

adaptations but remained skeptical towards adaptations that in�uence the system's

functionality. Many categorically stated that they did not want this adaptation in their

IDEs but remained open to less intrusive adaptations like the layout adaptation. One

participant was only willing to try adapting the functionality when extensive feedback and

intervention mechanisms were in place to counteract the adaptations when necessary.

The wish for more control and transparency was a common theme overall. One of the

participants mentioned preferences with user-based priority weighting for supported

windows. Several participants mentioned that prede�ned rules could also lead to better

adaptations.

In summary, all participants showed interest in an adaptive IDE that has more to

offer than what this proof of concept was capable of delivering. Everybody said they

would try an adaptive IDE that highlights and hides information to see how it affects

their work in the long run.

2.1.3 Discussion

In this chapter, we discuss our �ndings with a focus on two key aspects: (1) our

experience with eye tracking as a data basis for our implementation and the resulting

learnings from implementing an adaptive IDE, and (2) the feedback from the users

during the evaluation.

2.1.3.1 Gaze as Data-Basis for an Adaptive UI

We showcased the viability of using gaze data for an adaptive UI. Our prototype and

the subsequent evaluation show that a functioning, adaptive UI is possible and even

with the limited data set provides adequate adaptions. Our LSTM model could de�ne
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and recognize usage patterns from the �xations. Our evaluation also showed that these

patterns, e.g., highlighting of the output window, differed between the users, allowing for

a personalized experience. The users, in turn, considered the adaptations suitable and

unobtrusive for their context. Nevertheless, our implementation provided only a limited

degree of adaptation, highlighting some panels and UI elements for users. However,

this is a natural consequence of the relatively small data set we were able to use as

input data. An industrial solution with wide adoption could utilize a more extensive initial

set and incrementally increase its performance through online learning and real-world

usage. On the one hand, it would allow training more complex models, yielding better

accuracy. It would also need to support various use cases. In our data-collection and

evaluation, we focused only on searching and sorting algorithms for which participants

had to write or update code. While the adaptions we trained from one task and showed

in another one were perceived as adequate, these task can already offer a wide variety.

Of course, software development encompasses even more tasks and use cases and

how people use their IDE can depend on factors like the programming language or the

phase in the development life cycle. Furthermore, the �exibility of IDEs allows for broad

personalization beyond the fairly �xed state in our study. While most people will likely

not completely alter the layout of their IDE for every task, it still highlights the challenge

of tools as complex as IDEs and the broad range of starting conditions an adaptive

UI will be able to cope with. So, for practical use and wider adoption, the underlying

model needs to be expanded, which also requires additional data. The fact that even

our small data set was able to generate meaningful adaptions, though, is promising,

particularly for a personalized version of such an adaptive IDE, i.e., a use case where

no large amounts of data will be available. Once a developer has con�gured their IDE,

it would seem that training and personalization can happen quickly. particularly when

using a combined online and of�ine learning approach [C1]. The fact that a small data

set was suf�cient to show meaningful results is also relevant for future studies, where

one might investigate other data sources. Not having to collect a large volume of data

means that we can, in the future, quickly prototype variations of an adaptive IDE and

evaluate them to get a better understanding which types of data are bene�cial for timely

and meaningful adaptations.
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Window Size As we learned during our work, individual gaze points or UI events

can only be one part of such a data set, though, and are barely suitable in isolation.

For example, when developers are searching for a solution or just thinking, their gaze

may wander across the screen. Thus, interactions and gaze points may �uctuate over

a short period. These �uctuations offer limited value compared to the larger context

and longer periods of previous interactions. Thus, as was apparent during our work, it

becomes a challenge to choose the right degree of granularity for both input data and

adaptations to ensure that the changes in the UI are timely and context-sensitive but

not overly sensitive and thus over-steering. In our prototype, we chose a window of

20 samples to aggregate a time series, which worked well for our use case. The exact

effect of this aggregation window, i.e., whether larger or smaller frames would improve

the adaptation quality, remains an open question, which warrants further investigation.

The same goes for the variety of data, particularly how more data source like gaze will

increase the quality or whether we will reach a point of diminishing returns.

Improving the Performance Further Beyond this, our prototype also highlighted

some issues with gaze as one such data source and the resulting adaptations. The

most notable of these is a consequence of how we look at the world: while we may

be cognitively focused on one thing, our eyes and gaze may wander, sometimes

erratically. Furthermore, sudden jumps of the eyes are much more likely than for other

input modalities, e.g., the cursor. Not only does this complicate predictions, but since

patterns may be interrupted by completely irrelevant jumps, it also affects the resulting

adaptations. If the input jumps frequently and these jumps affect the adaptations in

the short term, the system may recommend barely noticeable adaptations because

they are immediately overwritten and reset. In the worst case, this could lead to a

jittery, �ickering UI. Therefore, using a windowing approach is necessary. Moreover,

our LSTM network architecture helps to reduce jittering.

Gaze and events are valuable sources on their own, and showcasing their feasibility

for prediction is the core of this research. However, other data sources, such as the

mouse, will be of value in improving the prediction, cf. [48, 182, 335]. On the other

hand, expert users rely less on the mouse and instead use keyboard shortcuts. In

addition, mouse movement tends to be very individual, c.f. [341]. Thus, in line with
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prior work Zhang, we argue that mouse movements will support the prediction, but a

successful prediction will only be possible with gaze data. However, mouse data, in

addition to gaze data, will further stabilize the prediction.

Comparison to Rule-Bases Adaptation Rule-based adaptations could work around

the challenges of fully autonomous adaptation. However, the granularity of gaze data

makes it unfeasible to prescribe rules on the low-level data points manually. Automated

classi�cation methods and aggregation in conjunction with high-level rules that utilize

the classi�ed context could provide a hybrid solution. The human involvement then

checks whether the aggregation works to determine the correct context. In such a

scenario, users could then use this context to specify in which situations they want

what changes and the system would primarily determine whether the conditions for

an adaptation are met. We support such a hybrid approach, with feedback during

our evaluation regarding rule-based, which was fairly positive. It would give additional

control to the user, who can enable, disable, and change individual rules to suit

their personal preferences. Increased user control could also facilitate a greater

understanding of the adaptations, which prevents confusion due to sudden UI changes.

2.1.3.2 User Feedback

The feedback from our evaluation was primarily positive. Since all participants could

perform the tasks we asked them to do, our prototype and its adaptions did not prove

to be a hindrance. Our participants did not perceive the adaptive UI as distracting or

interrupting.

Based on the feedback from the evaluation study, we conclude that implicit data

sources like gaze can provide additional usage context and help with predictions.

Nevertheless, their implicit nature makes them hard to control and understand for users.

Therefore, it is essential to balance user control and automation. Thus, we argue that a

hybrid system where automation determines the context and user feedback de�nes the

behavior might foster enough trust that fully autonomous adaptation gains long-term

adoption. This aspect of developers wanting to maintain control of tools will likely also

apply to further AI-powered automation and thus provides insights towards RQ1 beyond

just adaptive interfaces.
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An objective performance metric certainly would be desirable, but this is challenging

with a creative activity like programming and an arti�cial, short task in the lab. Long-

term �eld observations may yield more insights into how adaptions in the IDE affect

working behavior. For the subjective assessment of their performance, however, they

did consider themselves to perform at least as good with the adaptions as without, so

they proved not to be detrimental and potentially bene�cial.

Longitudinal evaluations would offer further insights into which adaptions are most

valuable. If adaptions have suf�ciently impactful that they change the work practice of

developers, we would also investigate how these behavioral changes interact with the

adaptations, i.e., whether the initially trained adaptions remain adequate or whether the

system needs to continuously improved, evolving adaptions and developer behavior

alongside each other. Further, we chose only to investigate information dimming

(adapting the UI layout), but alternative adaptations are possible with our setup. Such

studies inform the decision of which aspects of the adaptions can be fully automated

and which ones users wish to control and manually personalize. Here, we see two

options: (a) the rule-based adaptations, where users explicitly de�ne the system's

behavior in a given context, and (b) continuous human-in-the-loop feedback, where

users provide immediate feedback when an adaption occurs.

However, we must keep in mind that the target group for an adaptive IDE, i.e.,

software developers, also does not represent the general public. It is very plausible to

assume that those that develop software have a certain inclination to control it. They

also have a higher degree of expertise in de�ning software behavior, so writing rules

that map from usage context to system changes may be straightforward for them but

not the average user. So, how these �ndings generalize beyond the context of our work

will need to be tested, e.g. in similarly complex software where eye tracking already

has shown potential like multimedia editing tools [233].
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2.2 Software Development with Large Language Models

This section is based on the following publication:

Thomas Weber, Maximilian Brandmaier, Albrecht Schmidt, and Sven Mayer. “Signi�cant

Productivity Gains through Programming with Large Language Models.” In: Proc. ACM

Hum.-Comput. Interact. 8.EICS (June 2024). DOI: 10.1145/3661145

While AI excels in detecting patterns in data, it is widely and actively used for far

more than just that. Particularly generative AI (GenAI) systems not only detect patterns

in data, but are also able to generate new content based on them. Recent advances

in this �eld, particularly with Large Language Models (LLMs), have greatly boosted

what is possible in terms of code generation. With this technology, there has been an

abudance of novel tools. We will investigate RQ2 by evaluating the effect that some of

these tools have on developer productivity.

GenAI and LLMs have been applied in various areas, including applications of

GenAI for software development, e.g., for generating test cases, documentation [296,

297], but most notably to generate code from natural language descriptions. While this

can be done general LLMs like the family of GPT models [31], there are also dedicated

models speci�cally tailored for this use case [31, 46, 50, 53, 84, 169]. Thus, code

generation with LLMs represents an prominent and popular example how AI-powered

development tools can support developers.

Given the ability of these tools to generate a complex piece of software from an

adequate natural language prompt almost instantly, they clearly have the potentially to

greatly boost development productivity. Developers can access these models through

a wide variety of modalities, from a conversational format like ChatGPT [239, 257],

integrated into their familiar coding environment like GitHub's Copilot [19, 137, 196, 343]

or even with new tools, built around these models, like the Cursor Code Editor1. These

different tools use a variety of different interaction patterns for accessing LLMs, ranging

from an auto-complete approach, as is already common in development tools, to a

conversational style, as found in modern chatbot systems. GitHub Copilot recently also

extended its functionality to offer both variants for the same underlying models [340].

1https://www.cursor.so
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While the underlying model may be the same, the different forms of interactions play an

important role from the human perspective and can have wide-ranging effects, from

how ef�ciently these tools can be used to what code is generated in actuality. For

example, the type of interaction affects how prompts may be written, which impacts

which information is provided to the LLM and, thus, what the responses look like. Thus,

the presentation and interaction are essential components to ensure that developers

can use the LLMs productively in their work [19, 137, 343]. However, in a �eld that is

evolving as this, the development of new tools is often driven through a technology-

focused perspective, while the human perspective lacks systematic analysis and is

instead frequently supported more by anecdotal evidence.

To advance our understanding of how human-centered aspects like interaction

design affects productivity in this domain, we compare two AI-supported approaches to

traditional coding supported by searching the internet using a web browser (Baseline).

Thus we re�ne RQ2 as follows:

RQ 2.1:

How do different interaction patterns of LLM-powered code generation contribute

to developer productivity?

In detail, we compare an AI-supported auto-complete interface using GitHub Copilot

(Auto-complete) and a conversational system using GPT-3 (Conversational) against

a baseline with only conventional support mechanisms. In a within-subjects study

(N = 24), we determined how the support mechanisms affect developer productivity

and satisfaction, and how much they rely on these support mechanisms in different

scenarios. To assess their impact, we asked participants to complete three Python

programming tasks, with AI support and without.

Our within-subject study with 24 participants demonstrates the bene�t of using

AI assistants and how they can bene�t the different aspects of productivity. With

participants in our study showing distinctive usage patterns, it furthermore showcases

how AI is integrated and which form of interaction it allows, which can greatly affect

how it is used. This demonstrates that the success of AI-support mechanisms does not

just rely on the underlying technical implementation but is greatly affected by interface

and interaction design. Thus, our contribution is twofold: (1) we offer insights into how
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AI coding assistants in their current state of development affect software developers

and their productivity, and (2) we do this using a more holistic perspective on this area,

taking into account a diverse set of factors that contribute to overall productivity. We

hope that this broader perspective will be adopted in future investigations in this highly

dynamic research �eld, thus allowing us to gain a better, more rounded understanding

of how the continuing development of AI assistants has affected and will affect humans.

2.2.1 Related Work

As the previous section and many other examples demonstrate, software development

tools have evolved far beyond just being input-output programs. One quite ubiquitous

feature in many modern editors is simple code completion [199], which suggests what

code the developer might type next. Over the years, researchers and industry have

explored different mechanisms how these suggestions and code completions can be

generated, from semantic analysis of the source code [16, 125, 146, 249, 250] to

machine learning approaches [238, 291] and different combinations [32, 243]. While

these systems can play an important role in productive development [146], there is still

limited research regarding their impact on developer behavior [138].

Recent advancements in the area of Large Language Models (LLMs) have fur-

thermore enabled new means not just to support developers with suggestions, but

to generate larger pieces of software from simple, natural language prompts. This

will likely impact and change how developers use code completion. Thus, our work

explores how these modern AI tools affect developer behavior, speci�cally productivity.

To this end, we will �rst brie�y outline some of the work on AI code generation and

how it produced modern coding assistants. We will then summarize different aspects

of developer productivity and highlight literature that explores how these AI support

mechanisms affect them.

2.2.1.1 AI-Assisted Programming

Automated code completion is a technology that has been used in one way or another for

many years. While single statement auto-complete with syntactically valid expressions
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is likely the most common way, e.g., Microsoft's IntelliSense, there are other forms

as well, which can generate larger code snippets. Frequently, these relied on a clear

speci�cation in a format like state machines [75].

Recent developments in Machine Learning and Natural Language Processing have

led to a type of code generation tool that allows more �exibility and the use of natural

language to describe the software's behavior. These systems rely on the Transformer

architecture [302] and resulting Large Language Models like Generative Pre-Trained

(GPT) Transformers [31] or Bidirectional Encoder Representations from Transformers

(BERT) systems [71]. These systems are pre-trained with a large volume of data, which

may include natural language text, code, etc., which shapes for which tasks these

systems can be used [263]. The pre-trained system can then be �ne-tuned for speci�c

tasks [127, 240, 263]. By prompting a pre-trained system with speci�c requests, a user

can then use such a system to generate desirable outputs, e.g., in our use case, pieces

of source code. These systems are already capable of producing code, often at least

on par with what human developers can create [57].

In the last years, a number of these systems have become widely available, e.g.,

GPT-3 [31], GPT-4, etc. and their popular chat-based interface ChatGPT1, Codex [46],

a GPT-3 based system specializing in source code, which GitHub Copilot also uses,

and many more [50, 53, 84, 169]. These examples also demonstrate that different

interaction paradigms are viable with these systems: ChatGPT uses an interface where

users prompt input to the system, and its output is presented as a chat. Using the

Codex system, GitHub Copilot can directly integrate into coding editors like Visual

Studio Code or IDEs [330]. While these types of presentations have a negligible impact

on the system's behavior and output, the user interface may affect how accessible it is

to the user and how it is used. This can have downstream effects, which still affect the

software that is created with them.

We have found several evaluation efforts to assess the quality of the generated soft-

ware (e.g. [5, 46, 174, 333]). Many of those, however, focus on purely technical quality,

typically how much of the code a model generates satis�es the requirements. While

software development remains an exercise that involves humans, as developers, end

users, etc., these metrics alone will not suf�ce. Instead, we must also consider human

1https://openai.com/chatgpt

50 2 | Software Development with AI



factors, e.g., how productively a software developer can work with these tools [121].

This is echoed by Bird et al. [27]. They highlight how rapidly the underlying models can

change but emphasize that the activities of humans also change and require continued

evaluation as this �eld evolves. Their �ndings are based on an earlier version of GitHub

Copilot. Using different methods, they found improvements in perceived productivity

and ef�ciency with early adopters and �rst-time users.

2.2.1.2 Quantifying Productivity

Quantifying how productive programmers are during software development is useful

not just for research but also, for example, for project management or to collaborate

ef�ciently. Naturally, there is a wide body of research on different metrics and aspects

that help to gauge developer productivity.

A fairly simple but common way is to use the Lines of Code (LoC), which a developer

creates, deletes, or modi�es, as a proxy for productivity [231]. As Petersen [231] point

out, though, this metric requires some context to be useful since LoC can widely vary

due to other factors, e.g., programming language and programming style. Therefore, it

is essential to very clearly de�ne what counts as an LoC and the inferred productivity.

Petersen [231] and Hernández-López et al. [119] describe a second approach using

Function Points. Function Points quantify the functionality a piece of software delivers

and consider the complexity of inputs, outputs, internal �les, and external interfaces.

While they consider more context than LoC, it becomes more challenging to accurately

and consistently assign Function Points [231].

Recently, Oliveira et al. [213] reviewed the use of additional metrics. These included

Lines of Code by Time, which puts the absolute number of LoC into context, the

Halstead Effort by Time, which assesses the complexity of the code the developer

works with, and the Code Owned by Time, which signi�es how much a developer

contributed to a project's code base. In larger software projects that use version control,

the commit history becomes an additional source of information. Oliveira et al. [213]

also analyzed commit based metrics, like Commits by Time, the Committed Lines of

Code by Time, and the Committed Characters by Time. Based on their analysis and
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feedback from team leaders in software development projects, Lines of Code by Time

and Code Ownership by Time correlate strongly to the subjective perception of the

project team leaders.

The importance of time-relative metrics matches with the �ndings of a literature

review by Hernández-López et al. [119] who found that Lines of Code by Time or

Functions Points by Time, or Tasks Completed by Time in long term projects, are

commonly used metrics. In their review, they also point out that some contextual

aspects are still rarely considered. They argue that metrics like “customer satisfaction,

worker responsibility, task importance, perceived productivity, and absenteeism should

be included in productivity measurement” [119].

Beyond these code-centric metrics, Storey et al. [287] emphasizes the importance

of developer satisfaction, and Meyer et al. [187] emphasize the focus on developers'

subjective perception. Thus, they conducted a survey with developers on which code

metrics they found to be most useful. The feedback indicated that some of the time-

based metrics like Number of Work Items (Tasks, Bugs) Closed, Time Spend on Each

Work Item Time Spend Writing Code are considered important but also a number of

metrics focusing on collaboration like Time Spend Reviewing Code Number of Code

Reviews Contributed To, and Time Spent in Meetings.

Forsgren et al. [87] combines several perspectives and advocates for a holistic

approach to measuring productivity. They propose a framework for productivity mea-

surement using �ve categories: Satisfaction, Performance, Activity, Communication,

and Ef�ciency. This “SPACE” framework does not dictate speci�c scales or metrics for

each of these categories, though. The goal of the Satisfaction dimension is to include

the users' subjective perception, for example, developers. Performance ensures that

code quality is included, since just because developers write a lot, they “may not be pro-

ducing high-quality code” [87]. Static analysis of the code base is one way to quantify

this. Activity is the “count of actions or outputs completed in the course of performing

work” [87]. Depending on the context and the requirements, this can be recorded at

different levels of granularity, from individual actions in an interface to commits and

also to larger, project-level tasks. Most software projects happen in collaboration,
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so Communication includes how effectively information different contributors interact

with each other. Lastly, Ef�ciency puts the development efforts into time context and

considers how distractions, interruptions, etc., affect productivity.

2.2.1.3 Productivity of AI-Assisted Programming

In the last few years, particularly since LLMs have become easily accessible, the

use of AI as a support mechanism in software development projects has increased.

Consequently, there are also a number of studies that investigate how AI assistants

impact developer productivity.

In the domain of auto-complete systems, Peng et al. [229] conducted a between-

groups experiment where participants had to create an HTTP server using JavaScript.

One of the groups used GitHub Copilot, while the other group had no access to AI

support. Using Copilot led to a signi�cant reduction in task completion time by more

than half. Participants noted the increase in speed but estimated it to be only about

35%. Furthermore, while the control group took a bit longer, the task success rate was

not signi�cantly different. In contrast, Vaithilingam et al. [298] found that participants

failed to complete tasks more often using Copilot compared to just using IntelliSense,

and it did not have a signi�cant impact on task completion time. One reason for this

appears to be an overreliance on the AI so that erroneous solutions were accepted

without a thorough review, which led to “time-consuming debugging” [298]. On a

larger scale, an analysis of the usage data of 2047 GitHub Copilot users [343] showed

that the subjective perception of productivity is primarily in�uenced by the number

of accepted suggestions, not necessarily how valuable or lasting they are. The pure

acceptance rate, however, is in�uenced by other factors, such as a user's work context,

with suggestions during non-working hours being less likely to be accepted. It appears

that in a professional context, users are focusing more on speed, which can lead to the

aforementioned quality issues.

In contrast to the above-discussed auto-complete systems, such as GitHub Copilot,

we see an additional trend of support, which is rooted in conversational systems. For

example, Qureshi [239] investigated the use of ChatGPT as a support mechanism

in a study with 24 students. They asked them to complete group exercises for an
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undergraduate computer science course on “Data Structures and Algorithms” [239].

Half of the students were given access to ChatGPT, while the other half had to solve

them without. While the students with AI assistance were able to achieve signi�cantly

better scores, there was a shift in tasks, with more time being spent on debugging.

With GitHub now offering both types of systems, GitHub Copilot and GitHub Copilot

Chat, they are in a position to provide additional insights from their customer data

and evaluations. According to that, they claim a signi�cant increase in speed of

about 55% using Copilot in the auto-completion form [141]. Rodriguez [256] provided

no information on task completion time but reported that AI assistance led to faster

code reviews using the chat variant. Considering broader aspects of productivity,

between the two reports, they saw an increase of satisfaction, from � 60–70% using

auto-completion [141] to 88% using the chat [256]

These studies demonstrate that the various activities, aspects, and the perception

of productivity are all differently affected by the use of AI assistants. Table 2.1 provides

an overview of these and further studies, which study various aspects of productivity in

AI-assisted programming. From our �ndings in the literature, we concluded that most

research so far has focused on individual AI assistants. Ross et al. [257] emphasize

that the different forms of AI assistants will each have different trade-offs for productivity,

though. Furthermore, prior work [19, 137, 343] also suggests that comparing the

different forms of AI assistants could lead to valuable insights into how productivity is

affected.

The state of the literature thus paints a heterogeneous picture of different AI

assistants affecting productivity, sometimes more and sometimes less. Given the

fast-paced nature of the �eld, this is unsurprising, since technical advancements

and the enthusiasm they can generate will continue to affect how these systems are

perceived and how effectively users utilize them to increase productivity. Different

studies from prior work also had to rely on older versions of coding assistants and

underlying models, as they were available at the time. Thus, our work contributes to

an updated understanding of these tools. Furthermore, the heterogeneity also stems

from the fact that different studies focus on different types of assistance and aspects of

productivity. At this point, we contribute insights into the current state of AI-assisted

software development from a broader perspective using the SPACE framework. A
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continued understanding of the human factors will be essential to steer the �eld in

the right direction. Still, empirical �ndings will always present only a snapshot of the

current time, and any technical improvements of these systems in the future will require

continued efforts to make them useful and valuable to their users.

2.2.2 Methods

To investigate the effect of different forms of AI assistants, we conducted a within-

subject user study to compare different variants of LLM-supported programming. In

total, we compare three levels of SUPPORTMECHANISMS: a Baseline without AI support,

Auto-complete using Github Copilot1, and Conversational support using chatbot-like

interactions with GPT-32. We used VSC extensions to enable direct support, see

Figure 2.4. In each condition, we allowed participants to use the browser to search for

additional information online, as this is common practice and makes for a more realistic

scenario.

2.2.2.1 Participants

To determine the proper bene�ts of AI assistants for programming, we recruited par-

ticipants with programming expertise. During recruiting, we aimed for a diverse set of

participants to keep the ecological validity high. For this reason, we recruited through a

variety of channels, including social media, mailing lists of three institutions working

in the area of computer science and software engineering, and by directly contacting

industry professionals from these �elds. The call for participants contained information

about the purpose of the study and that only basic knowledge is suf�cient to participate

in the study, further ensuring that we recruit a diverse sample and not only experts.

We only required participants who have basic knowledge of the Python program-

ming language to participate in the study. General knowledge of the syntax was

suf�cient, though. We selected the Python language not only because it is one of the

most popular, general-purpose programming language3. Additionally, it is frequently

used in introductory programming lectures or for occasional scripting. Due to this, many

1https://marketplace.visualstudio.com/items?itemName=GitHub.copilot
2via https://marketplace.visualstudio.com/items?itemName=genieai.chatgpt-vscode
3https://www.tiobe.com/tiobe-index/
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Figure 2.4: Instructions were displayed in the web browser (left) and needed to be

completed in Visual Studio Code (right). Visual Studio Code was automatically con�g-

ured for each study condition to include the correct level of support mechanisms.

programmers of any skill level are generally familiar with the language, even if they do

not use it daily or in large software projects. While the invitation for the study mentioned

the use of AI for programming, knowledge or experience with any of the AI assistants

used in the study was explicitly not required.

From this, we got 29 people who participated in our study. We had to exclude �ve

participants as they either did not complete any of the programming tasks or violated

the constraints of the study. For these cases, we note that they used ChatGPT in the

browser in our baseline condition, hinting that they believe ChatGPT can enhance

their skills. Of the remaining 24 participants, four identi�ed as female, while the

remainder identi�ed as male, with an average age of 26.8 years (SD: 3.6). Regarding

their education, �ve participants had a completed Master's degree, 16 completed a

Bachelor's program, and three were currently pursuing their �rst university degree. Nine

participants answered that they were currently involved with software development in a
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Figure 2.5: When rating their experience on a 100-point scale, participants showed a

wide range of experience in general programming and using AI assistants.

professional capacity. The other participants had coding experience through their study

program and personal projects. Thus, we gathered a cross-section of potential users

for programming assistants.

Consequently, according to their self-assessment in the survey, participants also

covered a wide spectrum of prior knowledge, as displayed in Figure 2.5. This is

especially the case for the AI assistant tools, where the group covered the whole

spectrum for LLMs as chatbots, like ChatGPT, and in GitHub Copilot.

2.2.2.2 Apparatus

We conducted this study online. By pre-installing and running the software on an online

virtual machine (VM), we had a common environment with consistent starting conditions

for all participants. The VM was provisioned with ten vCores and 18 GB of RAM to

ensure smooth interactions. Participants accessed this setup from their own computers,

which opened the study to more than just people in the vicinity. We asked them to

use a 1080p monitor and, before the study, veri�ed that the interaction via remote

desktop worked. We ran the Windows operating system on the machine with Visual

Studio Code (VSC) and the Chrome web browser pre-installed. Upon connecting via a

remote desktop connection, we displayed instructions using the web browser. While

participants followed these instructions, a background script automatically opened a

Visual Studio Code instance whenever participants had to use it side-by-side with the

instructions, see Figure 2.4. These VSC instances were con�gured in such a way
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(a) Baseline without AI

assistant

(b) Auto-complete interface (c) Conversational interface

Figure 2.6: The interfaces for the three different study conditions. The correct exten-

sions, �les, and context for Visual Studio Code were automatically loaded for each.

that only the necessary �les for each task were accessible, and only those extensions

were available, which facilitated the type of AI assistance for each study condition (see

Figure 2.6).

In the Baseline (browser only) without AI assistant, we presented users with a pure

VSC without extensions (see Figure 2.6a) and the browser (Google Chrome) to the

side. Thus, the baseline replicates a standard setup where users use the World Wide

Web to understand the context and potential error messages. This allowed, for instance,

looking up information on Stack Over�ow, a typical development behavior [2, 324].

The Auto-complete (Copilot) condition uses the GitHub Copilot extension for the

auto-completion suggestions of code snippets as the user types in place, i.e., directly

behind the cursor (see Figure 2.6b). Users can then choose to accept the suggestion,

which is inserted into the editor. Alternatively, users simply continue typing their code

when they reject the suggestion.

The Conversational (chatbot)) condition uses a chat panel integrated into VSC

(see Figure 2.6c). However, it has some additional contextual interactions, e.g., users

can select code and directly send it to the chat for further inquiry. Likewise, code

generated in the chat interface can be inserted with the click of a button. Working with

GPT3 models under the hood, both systems are subject to the limitations of these

models, particularly regarding how much contextual token can be considered for newly

generated output.
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The surveys between the test conditions were displayed in the browser between

task descriptions. Aside from the answers to the survey questions, additional interaction

data was recorded automatically, and we screen-recorded the whole study. Additionally,

to catch any errors and facilitate observations, we supervised each study participant

via screen sharing but kept interaction with the participants to a minimum.

2.2.2.3 Procedure

Upon connecting to the remote machine, participants saw an introductory video that

explained the study procedure and its goal. This was followed by a short survey, which

included the consent form, demographic information questions, and prior knowledge

about programming questions. Additionally, we used this step to explain the study

setup generally. After this, participants worked through our three support mechanisms

conditions (Baseline, Auto-complete, and Conversational), each with a different pro-

gramming task. Each task was preceded by a video explanation of the tasks and

the tools used in the respective conditions. The sequence and combination of task

and support mechanism were systematically varied using the Latin Square method to

reduce effects of order or by speci�c tasks.

For each programming task, participants �rst watched a short video tutorial and

could code along with this tutorial. These videos brie�y explained the tool's functionality,

which participants would use, and allowed them to get familiar with it. For this phase,

we did not set a time limit so that participants could complete it at their own pace.

After this, we showed the actual task, for which participants then had 15 minutes to

complete it. After these 15 minutes, participants �lled out a survey for this speci�c

study condition.

Upon completing all three conditions, we asked participants to complete a �nal

survey about their overall impression of the different tools used in the study. For their

participation, they were compensated with an equivalent of 10 US$ per hour.
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Figure 2.7: Following an introductory survey, each participant performed three tasks

and provided feedback. These tasks were permuted by the Latin Square method.

Afterward, the study was completed with a �nal survey about overall impressions.

2.2.2.4 Tasks

To assess these three levels of support, we selected three tasks considering literature

in this domain [19, 57, 196, 283, 298, 327] and popular software projects1):

Task A Text Analysis: For the text analysis task, participants had to perform text

analysis of a scraped website, extracting the number of words, unique words,

and average word length. We then asked them to produce a list of stopwords

and �lter the website's content, after which they should calculate a word count to

determine the most used words in the text.

Task B CSV Transformation: The CSV transformation task requires participants to

read and write a CSV �le. The goal was to process and transform car production

data from Wikipedia in multiple steps, and calculate new information from this

data.

Task C PDF Editing: In the �nal task, participants were asked to generate a PDF from

a template and add text to it, which required some calculations for proper text

formatting and placement.

1cf. https://www.w3resource.com/, https://github.com/Python-World/python-mini-projects
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We iterated the type of task, their subtasks, and their wording during a pilot study

phase with three users of different skill levels until they considered them to be similarly

complex and to require roughly the same amount of time to complete. The pre-test

also showed that it would be possible to complete the tasks entirely by providing the

requirements to an AI assistant. For this reason, we split the instructions into smaller

sub-tasks of roughly equal size, some of which would build upon earlier ones. Since

this enforced some sequence, it also ensured that participants would not pick only

requirements that they considered easy to implement, thus skewing the number of

features they could implement in the time frame. Furthermore, we provided an initial

code snippet, which participants were required to use and extend. While it would still

be possible to complete these tasks with AI assistance with few prompts, this setup

encouraged participants to engage more with the code and the instructions.

The relatively guided nature of the tutorial, of course, meant that the degree

of freedom and creativity to solve the tasks was reduced. Typically, a key part of

programming is to decide how to decompose a larger problem into smaller sub-tasks.

While the study design reduced this aspect, using equivalent tutorials in all study

conditions meant that it was equally reduced. Thus, we consider the comparison

between the study conditions to be valid.

While we constructed these tasks to be similar, they are not identical, and different

solutions to them may require different amounts of code and time. Thus, we per-

muted the combination of tool and task using the Latin Square method for a balanced

combination and order of SUPPORTMECHANISMS and tasks across all participants.

2.2.2.5 Recorded Data

To assess developer productivity, we use the �ve dimensions of the SPACE frame-

work [87]. For each of its dimensions, we collected both data from the interactions

directly and subjective feedback through the surveys.

Satisfaction Participants completed the short AttrakDiff [86, 113, 114] after each

test condition to quantify satisfaction. This survey contains ten questions resulting in

measures forpragmatic quality, hedonic quality, and attractiveness, which are closely
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related to user satisfaction [113]. In addition, participants provided additional feedback

about their perceived satisfaction across all three environments at the end using a

survey with agree-disagree Likert scales as suggested by Forsgren et al. [87].

Performance Hernández-López et al. [119] call for the inclusion of quality metrics into

a holistic assessment of productivity, particularly including metrics for output quality. For

this reason, we include the correctness of the code that participants created during the

task, which corresponds to the number of work items (bugs, tasks) closed [187] and the

absence of bugs [87]. Speci�cally, we test whether each implemented feature performs

as expected using pre-de�ned unit tests. From this, we calculate the percentage

of correctly implemented features out of all implemented features. Furthermore, we

include the Maintainability Index [215, 216] as a metric, which combines multiple static

code metrics, like Cyclomatic Complexity and Halstead Volume [215, 320]. Similar to

the previous dimension, participants also provided an additional self-assessment of

how they rate the quality of the code they produced after completing all tasks.

Activity Developer activity typically is a measure of working hours, produced code,

or number of commits. Given the constrained nature of a user study, these metrics are

not feasible. Instead, we looked at actions at a �ner granularity, namely the number

of individual inputs, e.g., typed characters. While breaking down complex interaction

patterns into individual interactions is a well-established pattern [41], prior work (e.g.,

Forsgren et al. [87] typically considers a higher number of interactions as indicative of

high activity. Since any number of arbitrary interactions can occur independent of the

study tasks, we only consider those interactions that contribute to the resulting code,

i.e., typing, copying and pasting, and restructuring. Ultimately, this is similar to the

common Lines of Code metric [87, 231], albeit at an even �ner granularity.

In our study, the total time was constrained, though, with some participants taking

the full 15 minutes or slightly more while others did not need the full time. Thus, we

normalized the number of characters by time.

Since code can also be automatically generated in our study, we make sure

to differentiate from where the input is coming from, i.e., whether it was a genuine
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interaction by the user or generated by a support mechanism. We therefore consider

the percentage of code that was written by the human, as opposed to generated by the

AI tool, an additional metric for the Activity category.

Communication Software development typically happens in teams, so effective

communication with collaborators is essential. While participants completed the study

alone, they did, in parts, collaborate with their AI support mechanisms. Thus, we

focus on how developers retrieve information from their support mechanisms, i.e., the

AI-powered chatbot, the auto-completion of GitHub Copilot, but also how they utilize

the browser to access information. First, we record how frequently participants accept

code recommendations, i.e., how frequently participants decided to use a code snippet

from an outside source, e.g., the browser or any of the AI assistants. Since the browser

was also available in the study conditions with AI assistant, we differentiated the source

and normalized the number of code snippets over the time required to complete the

tasks. An accepted code snippet, in this case, is any piece of code that ends up as

part of the code base, either by copying and pasting, typing it out manually, or using

auto-completion. Not all code snippets are equal, so we also record the overall length

in characters of any such accepted code snippet. For this, as before, we only consider

executable code, though, i.e., we exclude comments, as these have different degrees of

verbosity in different environments. We count the length of the code snippet at the time

of acceptance. From these two values, we can then also calculate the average size of

accepted code snippets. The subjective assessment after the three tasks furthermore

asks for subjective perception of how easy it was to retrieve code snippets.

Ef�ciency Finally, ef�ciency describes the amount of work a developer can perform in

a given time. Since the time for our study was �xed, we recorded how many of the fea-

tures and requirements each participant was able to implement in this timeframe. With

multiple smaller tasks, this also helps alleviate the limitation described by Vaithilingam

et al. [298], that participants may not be able to complete their task fully. While we set

the subtasks in a way that, under normal circumstances, participants should not run out
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of them in the allotted 15 minutes, we normalized the results by total task completion

time, thus preventing skewed results from very quick participants. Ef�ciency was also

part of the self-assessment at the end of the survey.

Additional Data Besides the feedback for each category after each task and once

more at the end, our survey also recorded additional, more general feedback. This

includes positive and negative comments for each study condition and a subjective

assessment of how well participants felt supported by the different tools and how they

felt these tools affected their work.

2.2.3 Results

In the following, we report the recorded information from the participants. We �rst cover

the categories of the SPACE framework for productivity, followed by additional feedback,

including the qualitative responses by the participants. The underlying anonymized

data is available as part of the supplementary material.

For each task, participants created code ranging from 45 to 135 LOC. To complete

the CSV task, participants required signi�cantly more code (mean: 95 LOC) than the

PDF (mean: 67 LOC, p < 0:001, pairwise Wilcoxon test, Bonferroni adjusted) and Text

task (mean: 72 LOC, p = 0:002). While we accounted for these differences between

the tasks by permuting task and tool combinations and their order, we additionally

checked the resulting data for effects. In it, we could not determine any notable

differences where the task had a signi�cant effect on the performance metrics.

As mentioned before, since we split the tasks into smaller sub-tasks, participants

could, in theory, have skipped through each task and generated a complete solution at

the end with the full set of instructions. However, we did not observe any such behavior

in the screen recordings or the size and timings of the accepted code snippets.

When reporting statistical testing in the following, we always picked the appropriate

test given the normality of the data test using the Shapiro–Wilk test. Based on that,

we run Friedman tests with Wilcoxon signed-rank test as post hoc tests or repeated

measures ANOVAs with t-test as post hoc tests using R. Moreover, we adjusted the

p-values of the post hoc test using Bonferroni correction. We performed all statistical

tests using R.
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Figure 2.8: The AttrakDiff questionnaire shows some signi�cant differences across

its categories, with a consistent picture of both AI assistants similarly outperforming

the baseline. (*: p < 0:05, **: p < 0:01, **: p < 0:001, pairwise Wilcoxon test/t-test,

Bonferroni adjusted).

2.2.3.1 Satisfaction

User satisfaction, as recorded via the AttrakDiff questionnaire, varied most notably

between the baseline and the auto-complete condition, where we found signi�cant

differences in all three sub-categories (Pragmatic Quality (p = 0:027, Wilcoxon test),

Hedonic Quality (p < 0:001, paired t-test), and Attractiveness (p = 0:001, Wilcoxon

test)). The conversational test condition showed similar signi�cant differences for

Hedonic Quality (p < 0:001, paired t-test) and Attractiveness (p = 0:003, Wilcoxon

test), but none for practical quality. We could not determine any signi�cant differences

between the two AI assistants, with their responses being distributed quite similarly, as

shown in Figure 2.8.

2.2.3.2 Performance

To assess the participants' performance, we analyzed the code they produced and

determined its quality. The majority (control: 14, auto-complete: 12, conversational: 13)

of participants managed to implement the requirements so that each ful�lled our testing

criteria. Based on this, we could not determine any signi�cant differences between the

three groups. Likewise, the Maintainability Index for the code from all three groups was
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Figure 2.9: With or without AI support, there are no signi�cant differences in the quality

of the produced code. However, using the auto-complete AI tool yielded code with

signi�cantly more comments. (*: p < 0:05, pairwise Wilcoxon test, Bonferroni adjusted)

consistent in the interval from 61 to 86, with each having a median of 73� 1. In fact, a

pairwise Kolmogorov Smirnov test (see Table 2.3) further supports the assumption that

the Maintainability Index for all three groups follows the same distribution.

Within the code structure of the task results, there are some minor differences,

though: using the auto-complete mechanism of GitHub Copilot, participants submitted

code that contained signi�cantly more comments than the code from the control

condition. Code from the conversational condition contained more comments on

average, as well, but this difference was not signi�cant.

2.2.3.3 Activity

While we set the time limit per task to 15 minutes, some participants took less time,

while others exceeded it. Yet, we did not abruptly stop participants who required more

time, but let them complete their current activity. This results in a distribution of task

completion time as seen in Figure 2.10 with the AI assistants displaying signi�cantly

different task completion times than the control condition (auto-complete: p = 0:028,

conversational: p = 0:025, pairwise Wilcoxon test, Bonferroni adjusted). Given these

differences, we normalized any time-based metric to take into account the time each

participant required for the tasks.
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Figure 2.10: Using AI support, participants produced signi�cantly more code, even

though the AI contributed an increasing percentage to it. (*: p < 0:05, **: p < 0:01,

**: p < 0:001, pairwise Wilcoxon test, Bonferroni adjusted)

Based on this, we determined a signi�cant increase in how many characters each

of the participants typed out per minute in the two AI assistant conditions, compared to

the control condition (auto-complete: p < 0:001, conversational: p = 0:002, pairwise

Wilcoxon test, Bonferroni adjusted).

While this only considers the characters a user has entered, we also saw an overall

increase in code volume for the AI assistants, which matches the fact that even though

the character count increased, the percentage of the code originating with the user

decreased in the AI-assisted conditions (auto-complete: p < 0:001, conversational:

p < 0:001, pairwise Wilcoxon test, Bonferroni adjusted). Note, though, that the source

of the external code differs, as highlighted in the following section.

2.2.3.4 Communication

As previously mentioned, communication in our study setup happens exclusively be-

tween humans and available support mechanisms. These support mechanisms can

either be the two AI assistants, which were available only in their respective study con-

ditions, or the browser, which was available in any of the three conditions. Participants

did use the browser in all three conditions. Still, when the AI assistants were available,

this was done only by a minority (four participants in the auto-complete condition,

and two participants in the conversational condition). Thus, we observe a signi�cant

difference between the control condition and the AI assistants for the number of code
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snippets from the browser, the total volume of code, and the average size of each

snippet (p =< 0:001 for each, pairwise Wilcoxon test, Bonferroni adjusted), but no

difference between the two AI assisted conditions.

We see a different pattern when investigating AI as the source of code snippets.

While, naturally, the control condition cannot provide code from an AI, we still observe

that participants accept signi�cantly more code snippets in the auto-complete condition

(mean: 12.6, median: 11.5) compared to the conversational (mean: 5.0, median: 4.5;

p < 0:001, Wilcoxon test, Bonferroni adjusted). While the total number of characters

created by the two AI assistants does not signi�cantly differ (auto-complete mean:

514.0, median: 482.0; conversational mean: 818.4, median: 596.5), it still results in a

signi�cant difference for the average size of individual code fragments (auto-complete

mean: 42.9, median: 41.8; conversational mean: 205.4, median: 110.9; p =< 0:001 ,

Wilcoxon test, Bonferroni adjusted).

Taking those two sources of code together, we see that the number of code snippets

from an external source differs between the control condition and when using the auto-

complete support (p =< 0:0001, Wilcoxon test, Bonferroni adjusted) and between

the two AI assisted conditions (p =< 0:001 , Wilcoxon test, Bonferroni adjusted), but

not between the control condition and the conversational AI assistant (p = 0:083,

Wilcoxon test, Bonferroni adjusted). Overall, the use of AI does result in more code

being produced, which matches the previous �nding that the volume of code increases,

but the percentage created by the user decreases.

Finally, the average size of accepted code snippets from any source differs signi�-

cantly between all three conditions, with the smallest average snippet size in the control

condition (mean: 36.1, median: 31.2), closely followed by the auto-complete condition

(mean: 42.4, median: 41.8), and the conversational support tool resulting the largest

snippets on average (mean: 204.6, median: 110.9).

2.2.3.5 Ef�ciency

Lastly, to assess productivity, we consider how many of the given requirements par-

ticipants were capable of implementing. Since not all participants used the allotted

15 minutes exactly, we compared the average number of implemented requirements
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Figure 2.11: Participants communicated with their support mechanisms to a varying

degree between the different environments, highlighting how the AI assistants essen-

tially replaced the browser as the source of information. The signi�cant differences

additionally show distinctive usage patterns between conversational and auto-complete

AI. (*: p < 0:05, **: p < 0:01, **: p < 0:001, pairwise Wilcoxon test, Bonferroni

adjusted). The �rst column of graphs indicates how frequently the browser was used in

the three different study conditions. The second column indicates how frequently AI

assistance was used. While the AI was unavailable in the baseline condition, the zero

value is left for completion. The third column is the sum of the previous two.
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Figure 2.12: The assistance of AI tools allowed participants to complete the implemen-

tation of the provided requirements signi�cantly faster. (*: p < 0:05, **: p < 0:01, **:

p < 0:001, pairwise Wilcoxon test, Bonferroni adjusted)

per minute. Here, both AI assistant conditions performed signi�cantly better than the

baseline with only the browser. Notable are the outliers, where some of the participants

used the AI tools to great effect, implementing up to three times as many requirements

per minute as their peers.

While we set the task to take approximately 15 minutes, not all participants took

this much time. While the majority spent about this much or slightly longer on the

tasks, two participants took less than half the time. P19 completed the task in the auto-

complete condition in just shy of four minutes, which can be attributed to the fact that

they copied the feature description and let the system generate the majority of the code.

Additionally, from what we could tell, they did not thoroughly verify whether the code

worked and trusted the AI instead. Unfortunately, they provided no additional feedback

about this. The other participant, P24, took even less time, three and a half minutes

for the auto-complete condition and less than three minutes with the conversational

system. This participant did state they had very high prior knowledge of both AI tools.

2.2.3.6 Self-Assessment

The responses to the Likert scale questions, where participants rated how they per-

ceived each of the interfaces in some of the SPACE categories, generally match the

previous �ndings: both AI assistants signi�cantly outperform the baseline, while there

are no signi�cant differences between how the two AI tools are rated. As seen in
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Figure 2.13: The subjective assessment paints a consistent picture, with the AI-

supported conditions being rated more positively. This highlights the perceived bene�ts

of AI assistants for programming. (*: p < 0:05, **: p < 0:01, ***: p < 0:001, pairwise

Wilcoxon test, Bonferroni adjusted)

Figure 2.13, there are some outliers, though, with some participants being very unsatis-

�ed with the conversational interfaces. Regarding ef�ciency and speed, both AIs also

received a sub-par rating from some participants.

2.2.3.7 Qualitative Feedback

After each study condition and at the end of the survey, participants had an additional

opportunity to provide additional, unstructured feedback on the different support tools.

For both AI-supported study conditions, 21 participants highlighted some positive

aspects, while only four did so for the baseline with just the browser. In their feedback,

they typically emphasized how the AI assistants were bene�cial for productivity (auto-

complete: 11, conversational: 13) or pointed out how these tools affect their work�ow.

P6, for example, noted that the auto-completion “(increases their) productivity [sic] since

(they) don't have to open Stack Over�ow anymore.” In the case where participants did

not have AI assistance, just three participants noted the familiarity of the interface as a

positive aspect.

Five participants also highlighted that using AI support tools positively affects the

entry barrier and reduces the effort to get started with a coding task. P4 stated that

they “had no clue about the imported modules” but with the help of AI, they were “able

to start working on the code immediately [sic].” However, this meant that they “tended
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to put less effort (into understanding) the code.” P11 meanwhile opted to �rst generate

the code and only “read over (it) afterward to understand it.” P12 also preferred “to see

the whole generated code at once” �rst using the conversational system. However, this

tends “to generate more content than needed.” (P12)

P12 also pointed out that in a regular context, they rarely “have the coding tasks

layed [sic] out in a way that (they) can just copy (them and thus writing) the input that's

needed for the generative tool also takes time.”

In addition, participants were also critical of the two AI interfaces, highlighting a

number of issues. Using the auto-complete feature to generate code led to some

participants (5) struggling to understand the generated code quickly. They also were

sometimes unhappy with the interaction, where lines would not be generated as

expected (5) or the model generated clearly incorrect code (2). According to the

feedback, the conversational system suffered from being a separate interface, which

required a context switch from editor to chat (6) and providing too much information

(3). The elaborate answers of the chatbot were criticized for being distracting and

can “hinder (developers from focusing) on the code itself.” (P6) Given the speed at

which code was generated, P4 also noted that they “tended to put in less efforts [sic] to

understand the code.”

Finally, participants also highlighted that the perception of the AI tools might greatly

be in�uenced by individual differences, e.g., “a user [who has] gotten used to using AI

tools [for] coding [relying again on] Google searches [can feel] very inef�cient” (P21).

Meanwhile, using the editor without AI assistance may “(require) a skilled developer

who new [sic] Python code [...] inside and out” (P21). P13 also suggested that the

more elaborate completion of GitHub Copilot and the longer answers of GPT-3 that may

be bene�cial for novices. P29 meanwhile summarized that their experience “depends

on what [they] expect from the [tool]” and that without AI experience, they would “not

expect [their editor] to solve [...] coding tasks for [them].”

However, during our analysis, we investigated whether prior knowledge signi�cantly

affected the different productivity metrics and whether there were any differences

between experienced and novice or professional and amateur users. During this

analysis, we could only identify a signi�cant effect of experience on the task completion

time, with more experienced programmers being slightly faster (two-way ANOVA,
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F = 7:029, d f = 1 , p = 0:01). For all other metrics, there was no signi�cant effect of

or notable correlations with the prior experience across the whole group. Instead, we

noted more individual differences.

2.2.3.8 Individual Differences

Given this potential for individual differences and the number of outliers in a number of

metrics above, we inspected these participants' feedback and performance to determine

whether the outliers allow us to learn more about individual, distinct usage patterns.

We consider any datum an outlier that falls outside 1.5 IQR. With this, we found 72

outliers from 20 participants across all metrics and study conditions. While some of

these are simply participants who happened to yield an outlier datum in one or two

categories, more than half (40) of these outliers stem from just six participants (namely

P2, P4, P14, P19, P22, and P24) suggesting a more fundamental difference. We thus

screened their behavior and their responses for additional insights.

In terms of prior knowledge, on average, the group of outliers did not differ from

the remainder of the participants in any signi�cant way. Regarding prior knowledge

about the AI assistants, the group split into two camps, one with very high levels of

prior knowledge (P2, P14, P19, P24) and one with barely any prior experience (P4,

P22). However, these groups exist across all participants, albeit not as pronounced.

In the latter group, the two participants employed two distinctly different approaches

to using the AI: P22 barely used it in either study condition. Instead, they relied mostly

on their own knowledge and used AI assistance only when stuck. P4, on the other

hand, actively used the AI tools but struggled when the generated responses did not �t

immediately.

For the participants who indicated a high degree of prior knowledge, we also noted

some behaviors that differentiated them. Since these participants were familiar with

both types of interfaces before the study, we observed a mixing of interaction patterns.

P2, for example, attempted to use the auto-complete interface in a conversational style

by typing questions for the AI as inline comments. Generally, though, three of the

four participants (P2, P14, P24) used the auto-complete interface to generate code

quickly line by line, with short prompts, and the conversational interface to generate
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functions or whole scripts with longer, more elaborate prompts. Only P19 did this the

other way around. For using the conversational system, all four participants generously

copied the task description to provide context for the system. This also shows in the

metrics for snippet size (cf. Figure 2.11) where the outliers in the conversational system

P14, P20, and P24, all indicated a high degree of ChatGPT experience. However,

we observed that higher experience also led to them accepting the results with little

checking, particularly P19. P24 meanwhile postulated that with code writing moved to

the AI, the task of the developer should shift more towards supervision.

Knowledge of the AI tools also helped the participants complete the tasks quickly,

with P14, P19, and P24, all experienced with AI, completing both AI-supported tools

faster than most of the other participants. Only P24 showed a similar speed in the

control condition. This pattern is also re�ected in the number of correctly implemented

requirements, where P24 again excelled in all three categories, although more so with

AI support, and P19 also performed above average.

2.2.4 Discussion

Our collected results paint a clear picture and allow us to draw some conclusions

as to the developers' behavior and how AI assistants can be utilized for productive

programming. Next, we will outline some of these patterns, the potential reasoning

behind them, and what these �ndings mean in the context of the study and for software

development more broadly.

2.2.4.1 Programming Productivity

The participants' performance and their feedback are very consistent across most of

the metrics we recorded. From this, it is quite clear that with either form of interaction,

AI assistants provide a strong bene�t for developer productivity overall and many of the

individual aspects of the SPACE framework. The relative improvements, e.g., the fact

that developers implemented about 65% more requirements with either AI assistant,

also match the �ndings from prior work, for example, the 56% improvement in task

completion time found by Peng et al. [229].
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Overall satisfaction with the system and the coding experience with them is high,

and the self-reported satisfaction closely matches the results of the AttrakDiff ques-

tionnaire. While the conversational system has an ever so slightly higher mean and

median satisfaction, it also has two outliers who rated this tool rather poorly (0 and 29

out of 100). However, neither of these participants had any notable trouble with the

system. Based on the qualitative feedback, one reason for this may be the comparison

to the auto-complete condition, where one participant noted that this method was

perceived to be “more ef�cient than using (the conversational interface)” (P20) as it did

not require a context switch. Similarly, the same participants who were unsatis�ed also

provided a low rating for the perceived ef�ciency of the conversational system, noting

that the volume of information “hinders (them) to focus on the code itself” (P6). P2 also

highlighted that typing out a prompt can take quite some time, and the response may

not always be satisfactory or provide an “overload of reply info, [and] too much [...] to

read [...] to �nd speci�c answers.” It appears that in order to use conversational systems

ef�ciently, some work still needs to be done to focus the output of LLMs on what is

actually relevant. There are many approaches one can take to this, e.g., training these

systems to give more concise answers, different forms of presentation that lead the

attention to the relevant parts, or personalization of the output, reducing the information

to what the individual user typically focuses on.

2.2.4.2 Usage Strategies

For the most part, participants used the AI tools fairly conservatively, in that they

followed the intended steps of writing a prompt, inline or in the chat, and then accepted,

rejected, or re�ned their prompt. Considering the relative novelty of these tools, it is

quite likely that users have not yet developed strong, individualized usage patterns

or personal preferences. Overall, the use of AI resulted in a larger code base, but an

increasing part of it originated with the AI and not the user. This is more pronounced

and explicitly noted by the participants for the conversational system.

In the categories of Activity and Communication of the SPACE framework, we

saw considerable differences between the two types of AI tools, though. Based on

the data on how much and how frequently it was accepted, we clearly see that code
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snippets from the chatbot tend to be larger, while the auto-complete interface seems to

favor more but smaller code snippets. The typically single-line, auto-completed code

snippets are still quite quick to grasp and understand, while larger snippets require

more dedicated mental effort to read through them and determine whether they can be

accepted or not.

This indicates distinct usage strategies for the two systems: for the auto-complete

interface, participants appear to use high-frequency, short snippets, while the conver-

sational system is used for longer blocks. While this skews the acceptance rate in

favor of the auto-completion interface, the total volume of generated code remains

quite similar since the conversational code snippets, while fewer, are larger in size.

These strategies were present across the spectrum of prior experience, suggesting that

this comes to programmers naturally and does not require much learning. Only at the

higher levels of experience did we see that participants started to mix the paradigms,

using the chatbot for short, rapid-�re requests or the auto-complete interface like a

conversational system. To us, this indicates that the different types of interaction may

have different use cases. The larger code snippet, often with explanations, of the

conversational systems appears to be an alternative to the conventional method of

searching for code via the browser. Rather than querying an online search engine for

information, participants seem to prompt the chatbot instead. This is indicated by the

similar frequency in accepted code snippets between the conversational system and

browser, which was noted in the comments of seven participants. This also aligns with

broader changes in the software development landscape, e.g., the decrease in traf�c

on Q&A sites like StackOver�ow, which is in part attributed to them being replaced by

tools like ChatGPT [130]. The two different usage patterns in our study also provide

quanti�able evidence for the qualitative �ndings by [19], who also found different usage

modes, an “explorative mode”, equivalent to how participants used the chat interface

for more explorative search queries, and an “acceleration mode” for more productive

coding through more, rapid-�re completions.

If the conversational system is not available, experienced users will try to emulate

the interaction with the chatbot rather than switch to the browser. At the same time,

sometimes the participants used the chatbot for quick, line-by-line suggestions but then

noted that the context switch was an unnecessary overhead. These two strategies
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further suggest that both interfaces have distinct use cases, which warrants the exis-

tence of both. Combining the two, e.g., an auto-complete interface that allows inline

chatbot-style interaction, may be a hybrid solution. However, trying to cater to both

use cases may decrease the quality of the model and may incur unnecessary usability

overhead. Another way to combine the interaction patterns may be in computational

notebooks, where the code is structured in distinct cells anyway with dedicated textual

cells in between. Presenting the conversation with an AI as a sequence of textual and

code cells that can be executed at will, may be an avenue worth exploring.

While these types of interaction may come naturally, experience with AI systems

does seem to affect working practices. While the less experienced participants some-

times struggled to get the AI to generate well-integrated code, the more experienced

users appear to be familiar with the idea that they must provide a certain level of context

to the AI. This demonstrates that there is a learning curve to these tools. Learning to

write good prompts for conversational systems and good prompt comments for auto-

completion will likely become an essential skill. At the same time, an understanding of

how these systems work can also be bene�cial to understanding how best to use them.

While these results already look promising and support the hypothesis that AI will

yield a considerable productivity bene�t, we are likely only at the beginning of a shift in

work practices in software development. Not only does this mean that new tools may

emerge that upset established patterns again, but it will also affect how developers use

these tools. Given more time to get familiar with them, developers may explore and

re�ne usage patterns, learn the intricacies of these systems, and generally learn how

to use them better. Thus, productivity may even further increase in the future.

2.2.4.3 Code Quality

The one aspect where the use of AI assistants did not lead to much of an increase is

the performance category, where we measured objective code quality metrics. The

very similar quality of the resulting code can be considered a positive, though, meaning

that the AI assistants produce code that is about equally good as what a human can

produce. Furthermore, when software projects increase in size, it becomes challenging

for developers to maintain an overview, especially when they rely on code from legacy
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projects, coworkers, libraries, etc. Consolidating this large volume of information is

one of the strengths of LLMs. Thus, in larger projects, they can help �nd existing

functionality, reduce code duplication, provide suggestions in a consistent code style,

and much more. Considering that LLMs reproduce patterns found in their training data,

and they are typically trained with human-written code, this should not be too surprising.

While the objective code metrics did not vary much across the different test condi-

tions, the subjective perception of this did. Participants tended to rate the performance

and quality of the AI assistants as superior to the baseline, which may suggest a degree

of overtrust in the AI. While the quick and often functioning responses from AI tools can

be impressive, it appears necessary to temper expectations. A broader knowledge of

how these systems generate code may be one way. Still, it may also simply be a matter

of habituation, i.e., people getting used to these tools and then losing their novelty

factor. In addition, any effort to increase the quality of these systems, i.e., bringing their

quality closer to the users' expectations, will also alleviate this.

Additionally, mechanisms to quickly and easily verify the quality are probably

desirable either way. One way for this may be to give users a way to quickly verify

whether the code snippets do what they claim to do. There are already some changes

that can facilitate this, e.g., the ability to execute code directly in ChatGPT [78, 207].

Automatically generating easy-to-understand unit tests along with the code may be

another approach, which will not only verify that the code works upon generation

but also increase overall test coverage and can thus provide a long-term bene�t for

the software project. Code documentation is another aspect where using LLMs can

help and contribute to better and particularly easier-to-understand code. While the

signi�cantly higher amount of comments in the auto-complete condition may suggest

that this is already the case, it needs to be noted that this may be a consequence of the

tools function: to trigger GitHub Copilot to generate code, one way is to describe the

desired functionality in a comment �rst. This naturally leads to more comments, then.

However, looking at the code of the participants, it becomes clear that the comments

are more descriptive and less explanatory. This means that these comments contain

very similar information to the following line of code, not an explanation or a rationale

behind the code, which would offer greater value.
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With advances in many of these areas, it is no surprise that many vendors of

software development tools are already actively working on integrating them into their

tool suites. As our �ndings demonstrate, the form of interaction plays an important role

in how people use these tools, though. The seeming popularity of some interface types

should not be construed as a superiority, though. The different usage patterns between

conversational and auto-completion in our study strongly suggest the different forms of

interaction have speci�c situations where they excel. Thus, it is advisable not to focus

on just one form of presentation and interaction for LLMs in software development,

but rather offer developers the �exibility to choose their tools according to their needs

from situation to situation. However, this also means that a transition between different

interaction forms should be relatively seamless to minimize overhead and the need to

learn the idiosyncrasies of different tools.

Thus, open research remains, since overcoming these challenges and improving

the user experience may lead to wider adoption of AI support systems and thus increase

productivity. However, other challenges play a similarly important role, e.g. technical

improvements of the underlying models to create suggestions with better �t and quality

or legal requirements to ensure that generated code does not introduce, e.g., licensing

issues. Addressing these challenges will also be necessary for a broad adoption and

long term bene�ts of AI-powered support tools.

2.2.4.4 Limitations

Considering that the sample of participants in our study leans towards the younger side,

they may be particularly affected by these current developments: If younger developers

learn to program with these tools early on, they may closely integrate them into their

work�ows. More senior developers could be reluctant to use AI tools. Still, it may also

be the case that they see different usage patterns when combining their conventional

experience with the new options in AI-assisted programming. While we recorded prior

knowledge and expertise, we could not determine any effects or notable correlations

between the level of expertise and productivity. Considering that LLMs for coding have

only been available for a relatively short time, any effect of their novelty seems to be

fairly limited or at least consistent across the whole sample. It may also be the case
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that even more experienced users have not had the time to develop enough expertise

to have an effect. Future studies speci�cally targeting long-term users may yield further

insights. Aside from the effect of expertise on the individual, it may also be interesting

to see how development teams with multiple humans and AI assistants collaborate and

how both expertise in AI and traditional development change the group dynamics.

Conducting studies like this in the �eld may not just yield results that are closer to

group dynamics but also give the opportunity to use real-world coding tasks. While

we picked the tasks in our study to re�ect common development tasks, they were

limited in scope to accommodate the study setup. Since the tasks are based on

prior work, this helps contextualize the results with prior research, but �eld studies

may still present different observations. Recording the activities and output of different

development teams in the �eld, with or without AI support, over a longer period will likely

emphasize the productivity bene�ts. Still, it may also show larger interaction patterns,

e.g., during which phases of development AI can be most useful or how human-AI

teams collaborate. Additionally, not all requirements will be as clearly structured into

sub-tasks as they were in our study. In fact, properly translating high-level requirements

into concrete programming steps is an essential aspect of computational thinking [323]

and an important part of the development process. Here, too, LLMs could assist by

translating vague requirements into concrete steps, which humans can check before

being translated into code. For now, our study focused on the production of code,

thus deferring this part of the development process to future studies. While this is a

limitation, since the activities in the study were not an exact representation of open,

creative programming, the constrained nature of the tutorial was consistent across all

study conditions. By permuting the tasks, we expect no adverse effect or bias from

excluding the task decomposition step from the development process and thus expect

the comparison between the study conditions to be valid

Finally, since LLMs are inherently probabilistic, the speci�c model we used in

our study may be a factor that in�uences the generated code and how useful it was.

Additionally, the AI-assisted conditions used related but not identical models, which

can further skew the data. Still, since the two underlying models share a base, and

based on the fact that the generated code was quite similar in its general functionality

and according to a number of quality metrics, it does not appear that this played any
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notable role. Finally, current LLMs only present a snapshot in a quickly evolving �eld. It

is very likely that technological improvements will further impact what is possible and

thus affect developers' behavior.
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Table 2.1: Overview of previous studies that evaluate the impact of LLM-based pro-

gramming assistants on developer productivity.

Author Study Assistant Productivity Dimensions Productivity Results

Peng et al.
[229]

Between-subjects
study that contrasts
no assistant with
GitHub Copilot

GitHub Copilot
(autocomplete
interface,
context-aware)

Task Completion Time
(Ef�ciency)

The group with access to GitHub Copilot
completed the task 55.8% faster. In an
additional self-assessment, the developers
slightly underestimated the measured effect
by suspecting a 35% increase in speed.

Vaithilingam
et al. [298]

Within-subjects study
that contrasts
IntelliSense and
Copilot

GitHub Copilot
(autocomplete
interface,
context-aware)

Task Completion Time
(Ef�ciency), Interaction
Patterns (Communication),
Tool Preference
(Satisfaction)

No signi�cant effect on task completion
time since over-reliance lead to developers
not reviewing code and facing debugging
rabbit holes later. Developers preferred
Copilot over IntelliSense.

Qureshi [239] Between-subjects
study that contrasts
printed-out
documentation with
ChatGPT

ChatGPT
(conversational
interface,
context-aware)

Task Completion Time
(Ef�ciency), Code
Correctness (Quality)

The group that utilized ChatGPT as a
programming assistant achieved higher
scores in less time. ChatGPT requires a
deep understanding of the tool's
capabilities and prompting skills to
generate solutions for complex problems.

Sandoval et al.
[262]

Between-subjects
study that contrasts
no assistant with
GitHub Copilot

GitHub Copilot
(autocomplete
interface,
context-aware)

Functional Correctness
(Quality), Absence of
Security Bugs (Quality)

The incidence rate of severe security bugs
does not increase when developers are
assisted by GitHub Copilot in the context
of C programming.

Barke et al.
[19]

Observation of how
developers use
GitHub Copilot

GitHub Copilot
(autocomplete
interface,
context-aware)

Interaction patterns
(Communication)

The communication happens either in
acceleration mode, where developers know
what to program and prefer small
code-based suggestions, or in exploration
mode, where developers conceptualize the
solution and communicate in natural
language more to �nd abstract approaches.

Jiang et al.
[137]

Observation of how
developers use a
self-made
LLM-based assistant

Self-made snippet
generator generates
HTML snippets from
comments in code
(autocomplete
interface, context
blind)

Interaction patterns
(Communication)

Participants �nd the tool useful for
facilitating API look-ups and generating
boilerplate code They use it primarily to
generate small code snippets equivalent to
a single line of code. Prompts were
reiterated to improve suggestions.

Mozannar
et al. [196]

Observation of how
developers use
GitHub Copilot

GitHub Copilot
(autocomplete
interface,
context-aware)

Interaction patterns
(Communication)

Copilot-related activities account for more
than half of the total time and most time is
spent verifying suggestions. Furthermore,
the time spent looking at documentation is
low.

Ziegler et al.
[343]

Comparison of a
developer survey to
telemetry data
gathered by GitHub
Copilot

Github Copilot
(autocomplete
interface,
context-aware)

Acceptance Rate of
Suggestions
(Communication)

The acceptance rate of recommendations is
a strong predictor of the perceived
productivity and increases in the usual
working hours of a single developer.

Ross et al.
[257]

Observation of how
developers use a
self-made
LLM-based assistant

Self-made chatbot
powered by
react-chatbot-kit and
Codex
(conversational
interface,
context-aware)

Interaction Patterns
(Communication), Tool
Preference (Satisfaction)

The conversational interface facilitates
programming discussions, generates
relevant code, and promotes the use of
follow-up questions. Participants perceived
the assistant as bene�cial for their
productivity. Autocomplete,
conversational, and search interfaces offer
complementary support.
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Table 2.3: Results of a pairwise Kolmogorov Smirnov test suggest that the Maintain-

ability Index of the code in all test conditions follows the same distribution.

D Control Auto-complete

Auto-complete 0.208 —
Conversational 0.167 0.125

p Control Auto-complete

Auto-complete 0.679 —
Conversational 0.898 0.994

Table 2.4: Participants provided a self-assessment for multiple productivity metrics in

a survey after testing the three test conditions. A Friedman test indicates signi�cant

differences between the three conditions.

Shapiro-Wilk Test Friedman Test

W p c2 df p Effect size

Satisfaction 0.914 < 0.001 21.894 2 < 0.001 0.456
Performance 0.954 0.001 18.087 2 < 0.001 0.377
Communication 0.925 < 0.001 18.083 2 < 0.001 0.377
Ef�ciency 0.901 < 0.001 25.333 2 < 0.001 0.528
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2.3 Summary

This chapter demonstrates how the integration of AI features can enhance and extend

existing practices and development tools, using adaptive UIs for IDEs and GenAI for

coding as case studies. The subjectively perceived and objectively quanti�able bene�ts

from both studies highlight how AI can bene�t developers, regardless of whether it

happens via a compeltely new system (RQ 2) or as an extension of existing and familiar

tools (RQ 1).

With the prototypical implementation of the gaze-adaptive IDE, we demonstrate

how existing tools can be enhanced with relatively little effort and how even limited

data can produce meaningful functionality. This was con�rmed by the participants in

the evaluation. However, they highlighted important aspects that should be considered

when enhancing existing tools with AI. Most notably, the emphasized the balance

between automation and for staying in control of the tools with which they are already

familiar. Thus, they suggested hybrid approaches that utilize automation for context

detection coupled with rule-based or human-in-the-loop feedback.

Secondly, using LLMs for programming as an example for an new and emerging

type of systems, we see both subjective and objectively quanti�able bene�ts on de-

veloper productivity (RQ 2.1). The feedback from our user study shows how this new

AI support tool can successfully enhance developer productivity. Still, some of the

technical metrics, like code quality, were relatively unaffected. Subjective perception

and behavioral patterns, on the other hand, are very much affected by this new AI

tool. Additionally, interface design also plays an important role in how the bene�ts of AI

tools reach their users. The inline auto-complete appears to favor many shorter code

snippets, while developers use the chatbot for longer interactions, resulting in more

elaborate code suggestions, seemingly replacing traditional online search. While both

use cases result in about the same level of productivity in our study, the larger volume

of information and the longer turnaround time for the chatbot can occasionally lead

to lower user satisfaction. Still, in their current state, new AI tools like LLMs already

provide a clear bene�t for productivity and will likely make a lasting impact on software

development and the ecosystem of development tools.
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Considering how both of these studies demonstrate the importance of interface

design, human perception and the effect on the developers' behavior, it is clear that

human factors are an essential non-functional requirement for applying AI in existing

and new software development tools.
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3
Software Development for AI

As the previous chapter demonstrated, data-driven application and AI features offer

considerable bene�ts to developers. However, these systems introduce additional

complexity, not just in the interface but also in their implementation. While the latter

does not affect most people who just use these systems, developers are in a unique

situation where they not only use data-driven systems but are also the ones building

them. Thus, this increased complexity affects them two-fold: as users of these systems,

but also as their developers.

At the same time, the increasing ubiquity, particularly in critical domains (e.g, [179,

197, 241]), continues to drive an interest in high-quality data-driven software. Un-

derstanding how this type of software is different and how these difference affect

developers during development is a crucial step for understanding what is necessary to

support them and enable them to build high-quality software.

While one may argue that data-driven systems are also just another kind of soft-

ware, as described before, they operate in a fundamentally different way. Karpathy

[142] also refers to data-driven software “Software 2.0” to denote this fundamental

shift in operating principle and development practice. While the technological differ-

ences between the traditional “Software 1.0” and “Software 2.0” are relatively well

understood [18], it is not fully clear how this paradigmatic shift changes the work of

developers. To support developers of data-driven applications, we must �rst understand
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the different aspects of the developers' behavior and how development has changed.

Thus, this chapter will �rst explore whether this difference in operation also leads to

developers perceiving these systems differently. If developers were to view data-driven

systems the same way the view traditional software, this would imply that much of

existing research in software engineering could be applied here as well. However, as

Section 3.1 will highlight, this is not the case. Instead, developers are well aware of

the differences and, in consequence, behave differently when working with data-driven

code. As a consequence, the remainer of this chapter will then explore what this means

for tooling to build data-driven applications.
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3.1 Developer Behavior during Data-Driven

Development: Code Reading

This section is based on the following publications:

Thomas Weber, Christina Winiker, and Heinrich Hussmann. “A Closer Look at Machine

Learning Code.” In: Extended Abstracts of the 2021 CHI Conference on Human Factors

in Computing Systems. CHI EA '21. Yokohama, Japan: Association for Computing

Machinery, 2021. ISBN: 9781450380959. DOI: 10.1145/3411763.3451679
Thomas Weber, Christina Winiker, and Sven Mayer. “An Investigation of How Software

Developers Read Machine Learning Code.” In: Proceedings of the 18th ACM/IEEE

International Symposium on Empirical Software Engineering and Measurement. ESEM

'24. Barcelona, Spain: Association for Computing Machinery, 2024, pp. 165–176. ISBN:

9798400710476. DOI: 10.1145/3674805.3686678

To answer RQ 3, i.e. to explore the effect which data-driven software can have

on the developers' behavior, we �rst explore how software developers read code in

this context. Famously, most code is read more than it is written, which makes code

reading a crucial part of software development. Prior work has, so far, investigated

code reading behavior for traditional code, e.g., [37, 228, 254]. In the following, we go

beyond this related work and compare the reading behavior for traditional code with

that for code that implements Machine Learning models.

To this end, we �rst investigate how traditional and data-driven code differ on a

structural level using static analysis on publicly available code repositories that contain

traditional and machine learning code.

Research Question 3.1:

How does traditional code differ from code that implements data-driven systems

on a structural level?

Informed by the structural differences which this showed, we investigate whether

these differences have an impact on the reading behavior of developers. We utilize eye

tracking to record the developers' gaze to investigate the following questions:
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Research Question 3.2:

What structures in the code are of interest to developers in Machine Learning

code compared to code that does not use Machine Learning?

Since reading behavior can be greatly impacted by prior knowledge and experience,

we furthermore compare the reading behavior between participants with different levels

of expertise expertise:

Research Question 3.3:

Does the expertise of experienced Machine Learning developers lead to them

focusing on different aspects of the Machine Learning code compared to novice

developers?

To address the latter two questions, we conducted a user study (N=18) in which

we asked participants to engage with different Python code fragments (see Figure 3.2

for examples). Our results showed differences in the reading behavior, which show

that some syntactic structures are read differently in code that implements Machine

Learning models. This also implies that developers are aware of the differences and

adapt their behavior accordingly. From this, we conclude that for supporting developers,

Machine Learning code should not be treated the same as traditional code. We also

uncovered differences in expertise, which further underpin the need for approaches

speci�c to the target group and context rather than one-size-�ts-all solutions.

3.1.1 Related Work

While the �eld of Arti�cial Intelligence is many decades old, more recent advances like

deep learning, i.e., Machine Learning with highly complex models, and an increase in

computational power have propelled it into the mainstream for software development.

As previously discussed, this brings with it changes to software development. The

following section will brie�y outline how literature has addressed these changes. Beyond

that, we will also provide some background about the methodology we used to advance

the state of research in this �eld, eye tracking.
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3.1.1.1 Developing Machine Learning Systems

Developers now use Machine Learning (ML) in many areas; thus, it is essential for

software engineers to be familiar with the general concepts. However, ML adds

additional complexity to the development since developers must create and improve not

just the code but also the underlying data and ML models [124]. Thus, making these

complex ML systems easier to understand is important. While there are successful

efforts to make traditional code easier to understand, e.g. using ML [24], the different

level of complexity in code of data-driven applications remains an open challenge.

Prior work has recognized developers as a valuable target group for improving

the ML experience [11, 38, 222, 223, 237, 244]. Consequently, researchers and

industry have produced several methods, tools, and support mechanisms to assist

software developers in creating data-driven applications. Here, they have created

tools to support ML programming in a more user-friendly manner for decades. One of

the earlier, well-known ones is RapidMiner (originally YALE) [247], which leverages

graphical programming to present complex data processing pipelines in a simple, visual

format. This graphical approach has been extended and adopted in many tools since,

like Orange [68], Darwin [100], KNIME [26], and many more.

Nonetheless, textual programming remains the predominant way of creating ML

systems. At this level, the most substantial improvements have come more from the

now ubiquitous libraries and frameworks (e.g., scikit-learn [226] or TensorFlow [1]),

which take over the low-level details and aim to provide easy-to-use abstractions.

Their development often happens in an ad-hoc fashion and still needs more validation,

e.g., whether the provided abstractions are appropriate. From the language design

perspective, there is a growing effort to optimize various aspects of programming

languages for ML, e.g., with the Compilers for Machine Learning workshop series1.

However, so far, they have focused more on technical implementation. Meanwhile,

improving the literal syntax or creating ML-speci�c languages speci�c remains an

interesting avenue to make ML programming effective or ef�cient.

For now, Python is arguably one of the most widely adopted programming lan-

guages in the area of data-driven applications, particularly in combination with com-

1www.c4ml.org/
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putational notebooks [278] like Jupyter notebooks1 and Google Colab2. This type of

editor is a traditional code editor at its core but offers increased interactivity and allows

developers to mix documentation, code, and outputs in one document. Naturally then,

there are efforts to improve these notebooks as well. The mage [151, 152] extensions

for Jupyter notebooks, for example, adds interactive widgets which let data workers

modify the output of their code. These changes are automatically re�ected, similar

toProgramming-by-Example systems [200]. The feedback from a subsequent user

study was positive, highlighting some of the challenges of ML code which can be

complex, particularly for novices. Therefore, they suggested hiding parts of the code

that would confuse them. More experienced developers, on the other hand, viewed the

presentation in code more favorably.

The interactivity of computational notebooks greatly facilitates the exploratory be-

havior of developers. This also brings challenges; since ML systems are a tight interplay

between models and data, maintaining an overview of various con�gurations can be

dif�cult [66, 147, 148]. The evaluations conducted for some of these systems show

their potential bene�ts, but these are dif�cult to separate from the concrete implementa-

tions. Creating fully working software tools like that requires much development upfront.

Rigorous requirement elicitation is desirable to motivate this kind of effort. Yet, while

some of these projects start with an initial phase of gathering user requirements [99,

147, 151] the reporting typically emphasizes summative evaluations. Additionally, they

often also build on anecdotal evidence and the experience of their creators. This limits

how well other researchers can rely on the insights that informed the original design.

We argue that this common top-down approach, i.e., evaluating a full, working system

with a focus on summative results, can be supported by a bottom-up perspective,

i.e., early formative assessment, where one investigates various low-level aspects

of the development �rst to get a foundational understanding of the requirements of

data-driven development (cf. [156, 202]). These insights then inform further design

decisions, especially with existing knowledge from traditional software development.

Instead, we can �rst determine where these development paradigms match and differ.

To get a comprehensive picture of these differences researches, so far, investigated

1https://jupyter.org
2https://colab.research.google.com
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multiple different aspects that play a role during software development, from develop-

ment processes to collaboration or how developers write code. Hesenius et al. [120],

for example, investigate these differences on the process level and highlight where

current development processes do not accommodate data-driven development. In

consequence, they propose an extension to established development processes, the

EDDA (Engineering Data Driven Applications) process, which contains additional steps

speci�c to data-driven development.

Given the number of publicly available software projects on online collaboration

platforms, they have also become a prominent source for further low-level insights

into how developers work. For example, Simmons et al. [281] compare roughly 2000

public repositories, half with ML and half only using traditional code, concerning code

quality. Their analysis concludes that there are some similarities but notable differences

between traditional and ML codes. While the complexity of the code base, as measured

by McCabe's Cyclomatic Complexity [184], is similar, it appears that repositories of

data-driven applications adhere less to existing coding and naming conventions. While

using the code repositories alone, they could not determine the reason for these

differences, they did highlight differences in the developers' behavior, which warrant

further investigation. However, the use of code quality metrics leaves it unclear whether

the repositories are, in fact, also structurally different or whether the same structures

are just present in a different quality.

In this paper, we will continue this line of research to determine differences between

ML and traditional code. However, we will primarily focus on human behavior using eye

tracking, a method frequently used in empirical analyses of software developers.

3.1.1.2 Software Development Research using Eye Tracking

Shara� et al. [271] provide an overview of several such publications which emphasize

the need for a uniform nomenclature to carry out eye-tracking studies, particularly

for behavioral observation studies for software engineering. Their paper provides an

overview of terms such as “�xation rate,” “saccades,” and their use in existing eye-

tracking studies in software engineering. We will follow the terminology by Shara�

et al. [271] throughout this text. In addition to that, Shara� et al. [272] expand on
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this with a systematic review of eye tracking in software engineering, showcasing the

bene�ts of the method for investigating several questions, including but not limited to

debugging [22, 118], code comprehension [23, 254], and collaboration [273], all of

which could contribute to a better understanding of software development [133].

Beyond eye tracking as a general methodology, code reading behavior – the topic

of this paper – has also been discussed in a series of publications, including the study

by Busjahn et al. [37]. They compared the linearity of the reading order in software code

structures of inexperienced and experienced software developers. Busjahn et al. [37]

analyzed this by �rst having inexperienced programmers read natural language text,

then programming code, and then having experienced programmers read code. They

then compared the order of the content sequence and the order of code execution [37].

The results of their study show that inexperienced programmers read code less linearly

than natural text but still more linearly than experts [37]. Peachock et al. [225] replicated

this study. Their results show that developers read source code less linearly than natural

text but that there are no differences in linearity regarding the level of experience or

programming skills.

Peitek et al. [228] conducted a study to investigate the linearity and reading order

of programming code. They conclude that “the linearity of source code is a major

driving factor that determines programmers' reading order, while experience and com-

prehension strategy seems to play more minor roles” [228]. Since the functionality of

Machine Learning systems, particularly those using Neural Networks, depend less

on the linearity of instructions in the code and more on implicit factors like the data,

weights, etc., this effect may not translate to this different development paradigm and

thus warrants further analysis.

These differences in the code are subject to another eye-tracking study by Weber

et al. [C7], who leveraged the structure of code to determine which elements in ML

code are areas of interest for novice programmers. They found reading patterns that

suggest that there are bene�ts to linearity in this context. Since the study by Peitek

et al. [228], which suggests that prior knowledge is only of minor importance for code

reading behavior, was on traditional code only, and the study by Weber et al. [C7] was
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on novices only, it remains still unclear how ML professionals and experts are affected.

Particularly for a paradigm like Machine Learning, which may not yet be part of the

early education for all programmers, expertise may play a more signi�cant role.

From these previous works, we can conclude that the reading behavior of devel-

opers can but does not have to vary based on multiple factors like code structure and

prior knowledge. In the context of Machine Learning code, these effects have only been

explored for novices [C7]. So, we expand on this in this work by collecting new data

from a study that includes experts. This should increase generalizability and provide

insights into an important target group.

3.1.2 Static Analysis of Code Repositories

To answer RQ 3.1, we analysed publicly available code repositories to determine

whether there were quanti�able differences between the two types of repositories –

repositories that implement machine learning functionality and without. For this, we

selected 3515 code repositories from the literature [281] plus popular more recent

additions and counted the different grammatical constructs in the code. Of these repos-

itories 1534 contained applications that utilize machine learning, while the remaining

1981 were traditional applications. These repositories all used the Python programming

language, since it is both general purpose language with wide adoption but is also

very popular for machine learning [301], making it an ideal candidate for comparative

studies.

After downloading the current state of these repositories, we used the Python ast

package to construct the Abstract Syntax Trees for the Python code in the repositories.

We accumulated the number of occurrences for each grammar construct from Python's

formal grammar1 for all valid ASTs (1431 traditional repositories, 885 with ML) and then

normalized that by the total repository size. Thus, we received a relative frequency for

each construct for every repository.

We conducted a statistical analysis on the log-transformed data using Student's

t-test, where we compared the relative frequencies between the machine learning and

1https://docs.python.org/3/reference/grammar.html
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the traditional repositories. Of the 86 different code constructs as part of the formal

grammar, we found signi�cant differences ( p < 0:05) for 79 different code constructs

(see supplementary for the complete listing).

From this we concluded that there are, in fact, structural differences between the

two development paradigms. Certain code elements seem to appear more frequently

while other seem to be less common in machine learning code. Thus, we continued

to investigate whether developers are implicitly or explicitly aware of these differences

and how they incorporate this in their behavior. Thus, we conducted the following eye

tracking study.

3.1.3 Methods

To determine the reading behavior of developers for Machine Learning code, we

adopt and adapt the methodology proposed by Weber et al. [C7], which relies on the

structured nature of software code. We expand upon their methodology, though, with a

systematic selection of the code fragments to enhance comparability. The following

section describes this general methodology and any changes to the process which we

took to address our research questions.

3.1.3.1 Study Design

We performed an in-person, within-subject user study using eye-tracking data from

developers while they read a selection of code fragments. We used a graphical user

interface nearly identical to that in the study of Rodeghero et al. [254], which uniformly

displayed the code. Like in the original interface, we used no syntax highlighting or

other visual support mechanisms, as this could impact the gaze, e.g., via preattentive

perception. At this point, we do not yet know which code structures we could or should

highlight, as this is part of the potential implications of our study, so we opted for the

highlight-less approach. Nonetheless, the UI displayed the code in a monospaced font,

as is typical for code editors. This also helped with de�ning clearly distinct areas of

interest later on. We also excluded any comments from the code, as they could draw

a disproportionate amount of attention and thus skew the results. See the work of
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Rodeghero et al. [254] for a further discussion of the bene�ts and drawbacks of this

presentation. As a within-subject design, each participant used the UI to read each

code fragment described below.

3.1.3.2 Procedure

Besides displaying the code, the interface served a secondary function: to create

engagement of the study participants with the code. The participants had the task of

summarizing each code fragment's key functionality and purpose in their own words. In

this way, we required participants to read the code carefully. We asked them to type

their summary directly in the interface, which offered an input �eld next to the code on

the right half of the screen. We also used the think-aloud protocol [275] to understand

their behavior better. After fragment summarization, they moved on to the next code

fragment. We limited the total duration of the study to 40 minutes, i.e., �ve minutes per

fragment, to prevent effects due to exhaustion. However, this only served as a guideline

for the participants; they were free to move on from a code fragment if they believed

they had suf�ciently summarized it. Beyond this, we also collected additional feedback

about the code fragments, demographic data, and prior knowledge with a questionnaire

at the end.

3.1.3.3 Selection of the Code Fragments

In total, we selected eight Python code fragments for our study. We only used code

written in the Python programming language, which we previously also selected for the

static analysis due to its popularity in general but also for machine learning [301]. To

facilitate the comparison in RQ 3.2, half of these was code that uses Machine Learning

in some capacity, while the other half was traditional code without Machine Learning.

Since code quality can differ widely in software projects, we selected our code

fragments from Python libraries with a large user base. The idea behind this is that

these libraries typically have fairly high standards concerning code style and quality and

act as a role model for other developers. Therefore, we picked our fragments evenly
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from the repositories of the TensorFlow1[1] and scikit-learn2[226] libraries for ML code

and from the matplotlib3, �ask 4, and request5 libraries for the non-ML code. For the

ML code examples, we made sure to pick code that uses multiple different ML models

using both unsupervised and supervised learning. We looked for similar pairwise ML

and non-ML fragments to enable gaze pattern comparison. The �rst criterion for this

was the length in lines of code where we paired fragments of equal length. We also

had to consider our screen size since we wanted to minimize interfering variables, such

as scrolling through long code examples. Therefore the code fragments did not exceed

60 lines of code.

We followed the approach by Shaffer et al. [269] and Weber et al. [C7], who

used the constructs from the programming languages' formal grammar to determine

areas of interest in the gaze data. While we had previously determined that different

constructs occur at different frequencies, picking code that would accurately re�ect

these differences would skew the gaze dwell times. Thus we aimed for a similar

distribution of the constructs for each pair of ML and non-ML code fragments while

keeping distinctly ML and non ML functionality in the code. Table 3.1 lists the frequency

of grammatical construct in each pair of code fragments. Since not all 84 grammar

constructs were present in the code, the following evaluation will deal exclusively with

those present. For each participant, we displayed ML and traditional code fragments in

an alternating sequence.

Finally, we selected two sets of code fragments to account for the different expertise

levels of novices and experts. This allows us to probe RQ 3.3 further. As Kahney

[140] discuss, choosing a single, simple task can easily lead to task performance

becoming indistinguishable between the groups. In a study by Gugerty and Olson

[102], they compared novices and experts using the same LOGO code fragments with

only minor modi�cations for the experts, but also discuss that this approach has the

issue that with such similar code, one cannot fully explore the experts' skills. Using

two structurally similar sets of different complexity, we hoped not to overwhelm the

1https://www.tensor�ow.org
2https://scikit-learn.org
3https://matplotlib.org
4https://�ask.palletsprojects.com/
5https://docs.python-requests.org/
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novices and, at the same time, ensure that the experts read source code appropriate

for their prior knowledge, thus avoiding the effects of mental over- and underload. To

gauge how effective the selection was, we collected feedback on the code fragments

using the questionnaire, qualitatively using free text answers, and quantitatively using a

�ve-point Likert scale, where participants provided their perspectives on how complex

and challenging they considered the two types of code fragments. Furthermore, we

collected the code summarizations each participant wrote to gauge whether they

understood the key concepts and actions in the code fragments.

3.1.3.4 Apparatus

While reading and summarizing the code, we recorded the gaze of our participants

using a Tobii 4C on-screen eye tracker, which provides data at a sample rate of 90

Hz. The tracker was attached to a 20” monitor, set up in a well-lit room without outside

distractions. We calibrated the tracker for each participant individually before reading

the code.

3.1.3.5 Participants

We invited 18 participants from local companies and academic institutions via personal

and professional contacts. For their participation of up to one hour, they received com-

pensation equivalent to 10 USD. Of the twelve experienced and six novice developers

who participated in our study, half were female, and half were male, with a mean age

of 26 years (SD: 2.78). With a background in computer science, they were either in

the �nal year of their Master's program or had a completed Master's degree and were

now either working in industry or pursuing a Ph.D. In addition, two-thirds of the experts

reported currently working on one or more projects involving a substantial amount

of ML. The remaining third was not actively working on such a project but had prior

experience with the technology.

Our distinction between novices and experts is based on participants' self-assessment

during recruitment and is corroborated by additional background information which the

participants provided in the questionnaire. For example, all novices but one listed their

programming experience to be between three and �ve years, while most experts have
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at least �ve years of general programming experience. Focusing on the Python pro-

gramming language, all participants were familiar with it, although all experts indicated

a high or very high level of expertise (5-point Likert scale), while the novices rated their

knowledge as low to average. The same applies to prior knowledge about Machine

Learning, where the two groups are discretely split along the middle of the Likert scale.

3.1.3.6 Data Processing

The structured nature of software code and its formal division into de�ned structural

elements allows for very de�ned areas of interest. In addition, the presentation using

a monospaced font gives clear bounding boxes for gaze targets. After collecting the

gaze data in the user study, we applied an analytical approach as follows, in line with

Weber et al. [C7]. For this process, we recorded how many gaze points fell into each

bounding box and could then determine what grammatical construct in the code and,

thus, to which programming concept each gaze point belongs. Figure 3.2 shows an

example of the subdivision. We then counted the number of recorded gaze points per

area, thus giving us a measure of the dwell time for each area and, when accumulated,

for each type of code element.

Not all participants spent the same time reading each code fragment, so we

consider only the relative percentage of gaze points per participant. Furthermore,

different structural code elements take up more screen space, so naturally, they attract

more gaze points than smaller code elements. Thus, we also divided the gaze point

percentage by each code fragment's relative area. Since we use a monospace font,

this automatically also normalizes the data against character count. Thus, the resulting

data is normalized against temporal and spatial factors and allows for a comparison

between groups and code elements to answer the research questions.

3.1.4 Results

In the following section, we will summarize the results of the user study and the analysis

of the recorded gaze data using the methodology described in the previous section and

the literature. To determine differences in the participant's code-reading behavior, we

�rst used heatmaps and a replay of the participants' gaze paths to gain a high-level
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overview of the data. Second, we used a quantitative method to determine the dwell

time for each area of interest, i.e., each syntactical code structure, which allowed

us to �nd general reading patterns and speci�c parts of the code which caught the

developers' attention. After normalizing the gaze to accommodate user-speci�c offsets,

we visualized the heatmaps using the kernel density estimation (KDE) of the seaborn

library1 with the Epanechnikov Kernel. We used Silverman Algorithm [4] for bandwidth

optimization, leading to heatmaps, as shown in Figure 3.1. We overlaid each heatmap

with its respective code fragment to better determine which part of the code participants

looked at.

While these visualizations already suggest some interesting patterns, purely accu-

mulated dwell times may not accurately re�ect, for example, frequent jumps between

the same points, thus, we also employed a tool for replaying the gaze tracks. With this

tool, we could visualize the path of gaze points across time to review the eye movement

across code fragments. This showed the reading progression of our participants, clearly

indicating, e.g., what elements participants looked at �rst. It also provided a �rst glance

at which elements were most relevant, as indicated by a long dwell time.

3.1.4.1 Reading Behavior for Traditional and Machine Learning Code

To address the �rst question at the core of this investigate, we investigate the differences

in the reading behavior for different code fragments, speci�cally whether code with ML

elements is read differently to code without. When we compared the reading behavior

of different developers, we could already see different search strategies being used

by participants. Replaying the participants' gaze, we saw that several participants

read code fragments sequentially, top to bottom, showcasing patterns akin to Nielsen's

F-patterns [209]. The F-pattern means that the reader �rst performs horizontal scans

of the document and then continues with vertical scanning. Those who do not show

the F-pattern behavior ignore or skim the majority of the code and jump to areas of

seeming interest, where they remain for a considerable amount of time.

Reading behavior without F-patterns is much more prominent in code that imple-

ments ML models, while the traditional code is read sequentially for the majority of

1https://seaborn.pydata.org
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Figure 3.1: Heatmap visualization of different search and reading strategies of the

developers. A replay of the gaze tracks showed that the novices (top) showed mostly

sequential reading, while the experts (bottom) jumped to selective points of interest.

the time. Of the eight code fragments per participant, we observed sequential reading

in the traditional code 46 times and 28 times in ML code. Selectively reading ML

code fragments also includes backtracking, i.e., jumping back to parts of the code that

participants had previously read. This is also much less pronounced for the traditional

code fragments.

To further investigate which parts of the code are seemingly more important, we

used code's grammatical structure to analyze at which elements the participants look

at the longest and, thus, may be particularly interesting. Therefore, we subdivided the

total text area into small rectangular areas of interest for each type of code element

and determined the dwell time for each, see Figure 3.2. We then normalized the dwell
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Figure 3.2: Examples from each type of code and how they were divided into discrete

areas of interest based on the formal grammar of the Python programming language.

Figure 3.3: Distribution of the relative number of gaze points per area of interest for

both participant groups and both types of code fragment. (*: p < 0:05, **: p < 0:01,

***: p < 0:001)

time to account for differences in area and how long different participants spent for the

whole code fragment. Figure 3.3 shows the normalized dwell time for the two groups in

our study and the different code elements for source code that does and does not use

ML. This already visualizes that certain fragments in the code receive relatively more

attention than others.
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Considering that the two groups, experts and novices, had different code fragments

according to their skill levels, we analyzed the two groups separately. In addition, a �rst

inspection also showed that participants entirely ignored some of the code structures in

some test conditions. Thus, we �rst created a binary distinction at which code fragments

novices and experts had looked at. This analysis showed that participants ignored

some code elements, namely conditional if -statements, class de�nitions, and function

de�nitions. However, this is an infrequent behavior. Return statements, while similarly

infrequent, received more attention. Here, one of the participants even mentioned

that they consider return statements an important indicator for the function of a code

fragment. Based on these initial insights, we will not interpret behavior for code that

participants did not read in any of the study conditions in the further analysis since

we cannot determine meaningful statistical results beyond the binary distinction, see

Figure 3.3. This resulted in nine types of code elements for further analysis.

To systematically investigate the question of whether there are differences between

the two types of code, we compare the mean normalized dwell time for each code

element between the code fragments with and without ML, see Table 3.2. Based on the

results of a Shapiro-Wilk test, we then performed a paired t-test or Wilcoxon test for all

remaining code elements to determine which statistically signi�cant differences between

Traditional and ML exist for the two groups, Novices and Experts, independently. There

are several signi�cant differences between the types of code for both groups, see

Table 3.2. We note that these differences are not the same for both groups.

We found similar differences for function, import statements, and index-based data

access, with which both groups spend signi�cantly more time. The experts also spend

signi�cantly less time on literals in ML code. On the other hand, the novices looked

more at function parameters and variable declarations in the ML fragments.

This effect of the type of code appears to be consistently present for both novices

and experts alike. Which code elements appear relevant does differ between the

groups, though, which warrants further analysis of the two groups.
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3.1.4.2 Reading Behavior between Experts and Novices

To answer the second research question, we compare the six novice developers and

their gaze behavior with that of the twelve that report a higher degree of experience with

Machine Learning. While these two groups read two different types of code fragments,

we ensured to select syntactically similar code fragments of roughly equal length and

structure (see Table 3.1). Based on their feedback, both groups also considered the

code fragments semantically to be of similar, medium dif�culty, as indicated by the

median of the Likert scales being the neutral option and no signi�cant differences

(Mann-Whitney-U-test, p = 0:294) between the study conditions.

Concerning the search strategies, it was noticeable that of the six novice developers,

four showed F-patterns across both types of source code, while the other two sometimes

followed this strategy and sometimes jumped with their gaze. We could, however, not

determine how the code in�uenced the pattern concerning the type of code when they

would choose one or the other strategy. In comparison, the experienced developers

also applied the sequential, F-pattern-based reading strategy for the traditional Python

code but for the Machine Learning code only at most half, typically three to four, were

scanning through the code fragments while the other half was selective in their reading.

It is worth mentioning that all experts applied both strategies at some point. This

indicates that expertise may come with knowledge about which parts of the code are

worth looking at and which are not.

When asked what aspects of the code the participants deemed most helpful to foster

understanding, almost all novices mentioned clear names of the declared variables.

Comments were also listed, although, as previously mentioned, we removed them from

the code fragments. For the experts, seven mentioned the names of certain models

in the code and especially in the import statements to be helpful. This also showed

in the reading behavior where the less experienced participants, who selectively read

the ML fragments, often focused not on ML-speci�c keywords, unlike the expert, but

instead paid attention to more commonly understood terminology like the use of plots

to visualize results. This effect was visible in relatively longer dwell times and was

corroborated by the feedback in both the code summarization and the questionnaire. In

comparison, these parts were almost always skipped by the expert developers who
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were, as they mentioned, more interested in more advanced terminology, like the names

of the ML models used in the code. Based on the feedback in the questionnaire, the

novices did, however, notice some of these ML-speci�c keywords but, as they were

sometimes unfamiliar with them, looked elsewhere for cues to understand the code.

Beyond this qualitative feedback, we also performed the quantitative analysis of

the gaze data for differences between expertise, as listed in Table 3.3 and visualized

in Figure 3.3. One difference that immediately becomes apparent is the fact that

the distribution of gaze data of the novices is more spread across the different code

elements. Experts, on the other hand, focus the majority of their attention on function

calls and their parameters, as well as variable declarations, while the other elements

play a relatively little role. Still, function parameters and variables declarations are

similarly important for the novices, but the function calls receive signi�cantly more

attention from the experts, both in traditional and ML code fragments. For function

parameters and variable declarations, there appears to be a certain dependence on

the type of code: experts value function parameters signi�cantly more than novices in

traditional code, while novices spend more time with variables in ML code. Beyond this,

control �ow via loops offers consistent differences, where novices look at loop conditions

and the loop body signi�cantly longer. The same also applies to the encapsulation of

code in functions, with novices spending a signi�cantly larger portion of their gaze on

the body of such functions. Lastly, the parts to do with index-based data access in lists

or similar data structures are notable. Here, novices spend little time reading them in

the traditional code examples, just like the experts, but spend signi�cantly more time on

them in the ML code. The answers in the questionnaire provide some indication as to

why this might be: the Python programming language has a syntax that goes beyond

simple numerical access of list elements and allows, for example, to select ranges

or “slices” of data. While this syntax is often used in ML code, it has less frequent

applications in traditional code. For this reason, two novice participants mentioned that

they found this unfamiliar syntax challenging.

3.1.5 Discussion

Our results show differences between the development paradigm and the respective

source code and between the developers of different levels of expertise, thus providing
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answers to RQ 3.1 – 3.3. The data suggests that developers are aware of the structural

differences in machine learning code and have developed behavioral strategies for

different scenarios and code types. Speci�cally, we saw different search strategies when

reading code, depending on expertise, where sequential scanning in F-patterns was

more prominent for novice developers and depending on the development paradigm.

Here, code without ML was more likely to be read in order from top to bottom. These

two observations may very well be connected since the expert could be aware that

ML code warrants a distinct reading strategy, while the novices fall back to the same

way of reading they are used to from traditional code and other areas. If this is

the case, it implies that certain aspects of the ML code are either trivial or entirely

irrelevant to people with prior ML knowledge. In turn, this has implications for tool

and framework design, which should strive to eliminate irrelevant steps by abstraction

so that developers do not spend time on them. However, as this distinction was not

completely binary, it may also be the case that some information is only unnecessary

in some use cases and for some people, so �exibility and control over what is hidden

should be considered. An example from which we can take inspiration is how modern

IDEs handle import statements: since they are often automatically generated and

considered to be of little relevance, they are typically “folded,” i.e., displayed as a

group in a single line. The developer can expand this presentation, offering the

necessary �exibility should a developer be interested in speci�c import statements.

Similarly, an IDE for data-driven development could automatically detect a sequence

of preparatory or visualization steps and then collapse them into a single line labeled

“data preparation” or ”data visualization,” respectively. An alternative to this would

be automatic refactoring, which likewise detects these common blocks and suggests

moving them into a separate function, increasing encapsulation and, thus, adding to

code readability and maintainability.

Sequential reading behavior may lead to issues with attention in our study but also

in general: in many of the code examples we surveyed for our study, the �rst part of

the code is preparatory while the latter parts deal with the Machine Learning parts.

This is a widespread pattern, but the nature of F-pattern-shaped reading could mean

that the novices spend considerable attention on early, less interesting parts and have

little attention left for the learning models at the end. At the same time, this could
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explain why experts often skip early parts and directly jump further toward the end.

As mentioned above, one option is to minimize the space these parts take up could

alleviate this. Additionally, by extracting common steps (e.g., data preparation, model

con�guration, training), an editor could provide a table of contents, allowing one to

quickly jump to the relevant parts without the need to scan the complete source code.

In notebook-style editors, we could take this further, since documentation and code are

often mixed, by automatically generating �tting headings for the steps in the process.

Another question regarding the sequence of the code and the relevance of those

steps remains whether this observation depends on the Python programming language

and the summarization task. In different situations, developers may have different

goals when reading code, e.g., �nding errors, �nding new solutions, or communicating

with collaborators. All of these might come with different reading strategies. Thus,

the differences we observed in our study may be speci�c to the code summarization

task and other activities will show different reading patterns. Regarding the impact of

the Python language, we think its popularity makes Python a good choice for a �rst

analysis. Furthermore, its simple syntax makes it fairly approachable and no participant

severely struggled with the task. Given that it was designed as a general-purpose

language and not speci�cally for data-driven development, some of the steps, e.g., the

re-restructuring of data, can sometimes be fairly verbose without offering new insights.

We argue that this might be why experts can use their experience to identify these

areas as irrelevant quickly. Meanwhile, novices needed help understanding the speci�c

syntax and spent more time with these parts without getting more valuable information.

A syntax that is easier to understand or explore would be the obvious solution but

needs to be embedded in the existing programming environment. Of course, tool

designers must strike a balance to ensure the interaction is suf�ciently versatile, but the

generated code remains understandable and ideally helps novices learn what is going

on. Furthermore, any change in syntax should be �exible enough to facilitate learning

so that novices can, over time, gain the expertise to use more compact, ef�cient means

of data access. Thus, UI designers should refrain from forcing novices into using

certain presentations without alternatives. Beyond language and tool design, there

may be similar effects due to sub-optimal framework design, where steps that could

be abstracted need to be explicit in the code. A next step could be a comparison of
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popular libraries and how they are received and used. Particularly those that offer the

same functionality across different programming languages, like TensorFlow, could

yield interesting insights into the effect of the underlying language.

Another factor in�uenced by high prior knowledge is which code structures is of

interest, where experts appear to know the important terms that allow them to quickly

grasp the meaning of a code fragment, for example, via the imported libraries and

the ML terminology. Meanwhile, novices need signi�cantly more time, relying on

control structures, e.g., loops, to follow what the code does. Because often Machine

Learning code uses fewer of these control structures — after all the decision logic,

and thus conditions are learned from the data — this new development paradigm

may offer new challenges for understanding unknown code. Developers who cannot

rely on the high-level structure must either understand the data, which often requires

domain knowledge, or focus on speci�c details like known terminology, as we saw from

our expert developers. However, the appropriate presentation could help reinstate

high-level structures to data-driven development. Since many ML systems follow a

general structure of a data pipeline, with data sources as input on the one side and a

model as output, we could leverage the sequential nature for presentation: graphical

programming already commonly uses blocks, which represent individual steps in the

data processing, and connections, which denote the data-�ow. However, the existing

graphical tools (e.g., [26, 68, 247]) for data-driven application development are more

niche. In principle, this should also be easily possible in computational notebooks, but

the experience shows that maintaining an overview of data �ow in notebooks, where

no execution order is enforced, can be challenging [66, 147, 148]. Explicitly visualizing

data �ow will assist developers and mitigate the reliance on certain code structures for

novices and support debugging for both novices and experts.

When data de�nes how the software works, it is not surprising that knowledge

of the data itself and the code that manipulates said data becomes more relevant,

which might be why participants looked more at index-based accesses in the code.

When asked what parts of the code were interesting or helpful in the post-study

questionnaire, participants mentioned the names of the data set. Naturally, in our

study, the experts would have an advantage here, as they are typically intimately

familiar with common data sets like IRIS or MNIST, but many of the novices also voiced
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familiarity with those data sets, and none of them listed the data set as detrimental

to their understanding. For real-world applications, however, data sets are usually

more complex and require domain knowledge, so support for data exploration remains

highly relevant for understanding ML systems. This also increases the reliance on

proper documentation, which may explain the increasing popularity of more literate

programming.

In addition, one important question is how we can bridge the divide of expertise.

Since the experts learned their more selective and focused reading over the years, we

cannot expect novices to pick up these skills immediately. Thus, developers will bene�t

from more visual guidance, e.g., via visual highlighting. This may support novices

in acquiring the selection skills of experts more quickly. Our data can be a basis for

selecting which code elements need to be visually more salient, e.g., data access, and

which can be more subdued or moved into con�guration �les, e.g., speci�c parameters

and literals. In addition, programming education can also contribute by emphasizing

the ability to read code with an eye for the relevant bits. Ultimately, the goal should be

that truly irrelevant code is either hidden away or takes up little mental load such that

novices are guided to the relevant code, and experts bene�t from a less cluttered code

base.

3.1.5.1 Limitations

The differences we observed in the code structure level depend on the code fragments'

selection. While we chose our code examples from popular libraries and tutorials, these

may not re�ect the reality of software projects in the �eld of data-driven development.

The same applies, as previously mentioned, arti�cially picking structurally similar code

to facilitate comparability, even though the larger code landscape has known differences.

A further, dedicated in-depth study of code structure beyond just grammatical construct

might lead to interesting insights. For example, it could tell us whether the structure

we noted, with many preparatory steps at the beginning and the seemingly interesting

block in the second half, is common and how we can use abstraction to reduce the

necessity of parts that expert developers mostly ignore. In addition, as we saw, some
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of the syntactic structures were disregarded entirely, which may be highly speci�c for

our code fragments. Thus, we argue that the next step will be extending our insights by

investigating real-world software projects.

Furthermore, the necessities of an experimental setup, e.g. the removal of syntax

highlighting offers a limitation as it means that the presentation deviates from how it

would be done in the wild. As this is common practice for experimental setups, as

described above, it allows for a reasonable comparison with prior work. Since it is

consistent within the study, it likely also does not affect the comparative results, but

an additional validation in a more realistic setting is desirable. Likewise, the precision

of eye tracking is an important factor, as noise can easily skew the data. However,

the qualitative feedback of the participants as well as the replay of the gaze tracks

corroborates the differences in the quantitative data.

In addition, the comparison of expertise in these scenarios, as in our study, remains

quite challenging, as identical pieces of code may over- or underwhelm developers

leading to different reading patterns. While our efforts to select syntactically and

semantically similar code fragments appear to be successful, since the feedback on

their complexity was comparable across all participants, it limits the generalizability of

our results and any interpretation should consider this context. Larger code-bases will

make it unfeasible, though, to perform such an analysis as a laboratory experiment

and would require a �eld study, which comes with its own logistical challenges. Our

experimental setup, so far, only observes these reading patterns of the code as-is.

A way to validate our �ndings could be to adapt the presentation, e.g., highlighting

or selection, or by excluding certain code constructs, to see how this affects reading

behavior, allowing us to infer the importance of individual code constructs. A long-term

study could also add further insights into the effect of expertise by observing how

reading behavior changes over time with growing experience. Lastly, the sample of

participants for our study was limited and unbalanced between novices and experts.

While the results already show some statistically signi�cant differences, a larger pool of

participants would strengthen these �ndings.
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3.2 Tooling Landscape for Data-Driven Development

This section is based on the following publication:

Thomas Weber and Heinrich Hußmann. “Tooling for Developing Data-Driven Applications:

Overview and Outlook.” In: Proceedings of Mensch Und Computer 2022. MuC '22.

Darmstadt, Germany: Association for Computing Machinery, 2022, pp. 66–77. ISBN:

9781450396905. DOI: 10.1145/3543758.3543779

As the results above highlight, data-driven software differs from traditional software

in many aspects. Additionally, the previous chapter demonstrated how good tooling

can bene�t the development experience and performance. Yet, even though the

paradigmatic change is apparent, developers often still rely on tools that were build

for traditional software development, like simple text editors, command line interfaces

and integrated development environments (IDEs). These do offer a wide array of

support mechanisms, e.g. for dependency management or debugging. However, the

challenges of data-driven development, e.g., management of a large volume of data

and its exploration, are often not a focus of these tools and, for example, traditional

debugging with breakpoints can only get a developer so far when the programs behavior

is embedded in the data and not in the lines of code.

Using existing tools certainly works to a degree, and those who pioneered Machine

Learning and those who now use it had and have to build on top of existing technology.

However, if the data-driven development paradigm is to be carried into everyday

development, now may be a good time to consider and evaluate whether tools that

drive software development since its early beginnings are still adequate for this change

in paradigm, new practices and a broader audience that may not have a traditional

programming background but wishes to participate in the development process.

The fact that the simple text editor and IDEs are very common for data-driven

development does not mean that there are no alternatives. Both industry and academia

have created a myriad of tools of the years to make software development, including for

data-driven software, easier and more accessible. With those tools, the question arises

how they can bene�t the developers (RQ 4). However, before investigating this, we �rst

explore the tool landscape to understand what types of tools have been researched and
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are actually available even though they might not have found widespread adoption. Their

limited use in practice may have many reasons that are hard to pinpoint, particularly

when there is only little effort to evaluate existing tools. Moving forward with new types

of tool support in the future, it is crucial to understand what has already been tried,

what tools exist, and what issues have already been addressed, though.

To provide an overview of the tooling landscape and particularly systematic eval-

uations of tools for the development of data-driven applications, this paper reports

on a review of the academic literature (Section 3.1.3). Through systematic labeling

(Section 3.2.1.2) , we were able to determine some popular avenues that have already

been explored and evaluated, representing the state-of-the-art, and areas that still

remain open (Section 3.1.4). Based on these, we discuss possible future directions

and what upcoming tools may look like and what needs to be done to ensure that they

are successful (Section 3.1.5).

3.2.1 Method

In order to gauge the state of the literature and to get an overview of existing devel-

opment tools for data-driven software and their evaluations, we conducted a literature

research, following the PRISMA guidelines [219] which we outline in the following

section. The goal of this survey is to determine which aspects of data-driven software

development must currently rely on previously existing tools are which are already well

supported with novel and dedicated tools. We are particularly interested in indicators

that tell us how well tools work, that were speci�cally created to support data-driven

development.

3.2.1.1 Search and Filtering

To determine the ef�cacy of existing tools, we need to rely on form of analysis or

evaluation. We therefore queried large publication databases, speci�cally the ACM

Digital Library, the IEEExplore and the proceedings of the AAAI conference, for publica-

tions that matched this research focus. The �rst two represent the major publication
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databases for computer science literature, while we included the AAAI proceedings

speci�cally, because the AAAI conference is a major venue for related literature that is

typically not listed in either of the other databases.

Arguably, there are also tools coming exclusively from industry that try to address

the needs of developers. However, either there is little to no evaluations publicly

available for some of these or these tools have been evaluated as part of a publication

and should therefore show up when querying the publication databases. We accept

the possibility of missing out on tools that have been evaluated and the results being

available somewhere but not as part of a scienti�c publication, since comprehensively

�nding such evaluations is unfeasible and their number should be relatively small.

This would include especially in-house tools, which may be used at some industry

companies to great success, but as long as they are not public, they offer only limited

value for developers at large and thus cannot contribute to this overview.

Given that scienti�c research in the �elds of Machine Learning, Arti�cial Intelligence

and data-driven application is very active, terminology can sometimes be in �ux. We

therefore decided to start our search with broad queries and re�ne the results later

based on manual selection.

We therefore queried each of the publication databases using the following search

criteria:

• The term “tool” had to be present in the abstract to limit the results to publications

that had tooling as a focus.

• “data-driven“, “machine learning“ or “arti�cial intelligence“ as the general re-

search �eld also had to occur in the abstract.

• “developer” or “development” as our intended target group could be anywhere

in the text. We decided for this broader query here because an initial scan of

promising literature revealed that the target group was often left implicit in the

abstract.

• Considering the major pace at which the �eld is changing, we furthermore

decided to only consider publications of the last ten years at the time when
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we coducted the search. Tools that are more than a decade old and have not

received any attention in the meantime clearly have limited relevance for current

and future research and development.

Joining these criteria was trivial for the IEEExplore and the ACM DL, both of

which provide a powerful advanced search. For the AAAI database, no such option

was available though, so we resorted to downloading the metadata of 9 717 available

publications from the last ten years and �ltered them ourselves. Naturally, since we

could not download these nearly 10,000 full texts, we �ltered the third criterion, i.e. the

term “developer” or “development” only in the available metadata (abstract, keywords,

etc.) for the AAAI publications. Additionally, we omitted the query pertaining to Arti�cial

Intelligence, as this is the topic of the conference series to begin with and should trivially

be the subject of all the publications published there.

The results of our query are listed in Table 3.4. The table also provides the number

of results, which remained after screening, which we did in an multi-stage process

(cf. [219]).

After extracting the list of meta-data for each publication from their respective

databases, we �rst �ltered them by title. Since our search focused on tool support for

development experts, the primary inclusion criterion here was whether the publication

would introduce or evaluate a new or existing tools in this context respectively. At this

stage we also excluded all those texts where the title clearly indicated that the tools

were not intended for software development but for example for end users of various

domains, e.g. software tools for medical diagnoses.

Given the ambiguity and broad use of the search terms, particularly “tool” and

“development”, this already substantially reduced the number of relevant publications to

about a tenth of the initial search results.

In the second stage we then read the abstracts of the remaining papers, applying

the same �lter criteria, i.e. include tools that were speci�cally concerned with the

creation of data-driven software.

We excluded publications that only applied data-driven principles or ML to domain

problems, e.g. those that apply Machine Learning to medicine, manufacturing, etc.

but also those that apply these techniques to, for example, conventional software

repositories to automatically detect defects via ML. While the latter certainly fall in the
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Table 3.4: Total number of publications throughout the search and �ltering process.

AAAI Pro-
ceedings

ACM Digital
Library

IEEExplore Total

Records retrieved
from databases

80 839 592 1511

Screened by title 9 95 67 171
Screened by abstract 1 48 27 76

intersection of software engineering and data-driven software, the goal of this survey is

to determine how to speci�cally enhance development experience of data-driven, not

using data-driven software.

Technical publications that reported on the development or improvement of algo-

rithms but did not integrate them or provide them in a dedicated tool, we also removed

from the list of relevant texts at this point. This left us with a manageable amount of 76

publications in total. A full list can be found in the addendum to this text.

3.2.1.2 Labeling

Using the full text of those 76, we labeled each publication in two ways.

First, we had a number of pre-de�ned criteria that we were interested in:

• As a rough classi�cation we looked at what kind of tool support each paper

describes? Is it about an existing tools, did the authors improve a tool from prior

work or did they creates a completely new solution. This provides us with a

general overview of the tool landscape in this area.

• Since, as mentioned, adoption of existing tools from academia is limited, we

also recorded whether publications went beyond a purely technical description

and reported on on real-world application of their tools or any other forms of

practical evaluation in the form of case studies, �eld studies, etc. to gauge the

effectiveness of these tools.

• To determine areas in need of additional research, another focus was what

aspect of the development process these tools focus on? Since each tool can
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support steps speci�c to data-driven development but also integration into con-

ventional software engineering, we use the terminology of Hesenius et al. and the

EDDA process [120]. The EDDA process is an extension of traditional software

engineering processes to capture the additional requirements of data-driven

development. Speci�cally, it adds additional steps for assessing the suitability of

Machine Learning, data exploration and subsequent model requirements, model

development, and integration. By categorizing the tools according to the steps

in this process, we can determine whether the whole process is similarly well

supported or whether some steps receive more attention than others.

Beyond this we performed open labeling of the publications, which we subsequently

clustered into categories. The following chapter will list these labels and further results.

3.2.2 Results

Our search and �ltering resulted in 76 publications pertaining to tools for data-driven

development. The following section will describe these publications in further detail and

highlight shared topics and point out differences.

3.2.2.1 Metadata

First we looked at the metadata of the publications, starting with the publication date.

While we speci�cally selected only publications from the last ten years, it is noteworthy

that even during this period of time, we can see a trend of increasing research interest.

Figure 3.4 shows this steady increase. This also matches the results of similar surveys

of various topics related to Machine Learning, which generally �nd that this development

paradigm is becoming more popular in practice and research [334].

This is also re�ected in the breadth of domains that publish about data-driven

development tools. Naturally, Machine Learning and data-management venues are

represented by our sample of papers (16 times), but also other areas of computing, like

general software engineering (12 times), education (5 times), and particularly human-

computer-interaction (16 times). Considering that tools a form of human-machine

interaction, this comes as no surprise, though.
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Figure 3.4: Distribution of the publication date of the papers in our selection.

Notable, however, is the fact that our search criteria only yielded a single publication

from the AAAI conference series. While, certainly, the complete database of AAAI

publications is smaller than ACM DL and IEEExplore, we found the primary reason for

this to be that these publications tend to be either highly focused on the underlying

technology or report on case studies where Machine Learning was applied to solve a

problem in practice.

3.2.2.2 Research Topics

Opposed to that, of the 76 publications we extracted, only one reported on algorithmic

improvements in the context of automating and thus simplifying development [73].

Automating development in general was a popular topic in the full set of search results,

but often with the goal of eliminating the developer from the software creation process

– and thus of limited interest to our question of how tools can support developers.

However, partial automation also was a topic of interest for 14 of the 76 publications,

again with an increase in the recent years, e.g. for entity matching [309], prediction

[261] and optimization [214]. Particularly the use of meta-learning [300], or “AutoML”

systems, i.e. ML systems that automatically learn their ideal con�guration, seem to be

of interest for tool developers [195, 270, 309, 325].
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Just as automation is of interest from a technical perspective, they also end up

in dedicated tools for developers with the goal of simplifying model development and

optimization (e.g. [195, 309]. ATMSeer [310], for examples, extends AutoML systems

with visualizations to give developers feedback about the systems performance and

progression.

Researchers, however, recognize that complete automation may not always be

feasible or desirable [325]. Particularly the general opacity and black-box nature is

viewed critically. If even the developers no longer have means for understanding

their complex software, it will become hard to debug [158], evaluate [122, 177], and

control [274]. Works like “ATMSeer” by Wang et al. [310] or “CertifAI” by Sharma et

al. [274] thus attempt to make the advances from the research on Explainable AI (XAI)

accessible as tools for developers through interaction or examples and visualization

respectively (cf. also [97, 158]). In this �eld, there are also a number of structured

evaluations, e.g. a study by Kaur et al. [143] of how XAI tools are used by developers

and whether they achieve their goal of informing them.

For these explanations, but also for development tools in general, another major

topic appears to be how to visualize the complexity of ML. Many researchers recognize

that in the traditional, code-based format, it can be hard to understand what is going

on. For this reason, 12 publications speci�cally investigate the use of visualizations,

e.g. for data preparation [290], development [153, 321] and evaluation [177]. Typically,

they use various graphical presentations to offer real-time, and sometimes interactive,

visualizations of various metrics of the ML models as shown in Figure 3.5.

In addition, many of the tools mentioned or investigated in 24 of the publications

have some visual component a use graphical programming. Especially the graphical

programming aspect is often directly inspired by the domain of model-driven devel-

opment (MDD), like the work by Zhang et al. [336], which aspires to bring MDD and

data-driven development together.

This naturally also includes a number of analyses and evaluations of existing graph-

ical tools for data-driven development, like RapidMiner [28, 135, 247] or Orange [276],

which Bjaoui et al. [28] consider for novices and Shastri [276] for non-programmers

respectively.
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(a) RapidMiner (image from [28]) allows the development of a data processing pipeline by

composition of functional blocks

(b) ConfusionFlow (image taken from [122]) supports developers with visualizations during

performance analysis of classi�ers

Figure 3.5: Two examples for tools for the development of data-driven software that

heavily rely on a graphical presentation.
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Some of these tools have been around for quite a while – in the case of RapidMiner

for two decades now [248] – and have been used for various domains (e.g. [104, 159,

189, 204]). It therefore comes as not surprise that the evaluations highlight a number

of bene�ts of these graphical tools, particularly with respect to visual organization and

managing complexity. Yet, no single graphical tool has managed to become as popular

as code-based tools like Jupyter Notebooks [139].

Kery et al. [153] and Zhao et al. [339] therefore report on attempts to bridge the

divide between code and visualization via widgets that allow switching between these

representations. The results of their evaluations in the form of a user study indicate

that data scientists view this �exibility and the ability to hide and show code on demand

very favorable, which may be an important factor for adoption.

3.2.2.3 Supporting the Development Process

As previously mentioned, we also speci�cally looked into which steps of the develop-

ment process different tools aim to support. Table 3.5 provides an overview of the

different steps of the EDDA process [120] and the publications from our selection that

support each step.

Very clearly there are some steps that seem to be of more interest to researchers

than others. Especially data exploration, model development and testing and evaluation

seem to get a lot of attention and tooling. Some of this may be an effect of our search

and screening strategy, since we only queried the databases for tools for data-driven

development. Some steps of the EDDA process are in part covered by conventional

software engineering, so existing and established tools may suf�ce.

For data-centric steps in the process there are quite a number of novel tools, how-

ever, e.g. for labeling the data where Alaghbari et al. [8] explore the use of gami�cation

or TagRuler by Choi et al. [49], which combines Natural Language Processing and

programming by example to automate this usual tedious process.

The concrete implementation of ML models is very heavily supported from various

perspectives, be it the selection of the appropriate model [9, 203, 221] and architecture

[339] or its implementation, [81, 195, 292] training and optimization [122, 214, 265, 310].

Optimizing ML models is of course also a question of optimizing hardware-speci�c code
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Table 3.5: The steps of the EDDA process [120] and the publications that introduce

or evaluate tools that support this step in some way. Publications not listed did not

introduce tools to speci�cally support individual steps of the development but either

provided general support or helped with activities related to the development but not

captured by the EDDA process.

Activity Publications

Requirements Engineering [342]
Speci�cation and Design —
Evaluation of ML suitability [72, 342]
Data Exploration [8, 9, 49, 103, 235, 289, 290]
Model Requirements —
Model development [9, 49, 73, 117, 122, 172, 195, 203, 217, 221, 265, 292,

308, 310, 321, 339]
Model integration [178, 336]
System Test & Evaluation [42, 97, 122, 123, 158, 177, 274, 310, 338]
Operation & Maintenance —
End-to-end [33, 117, 177]

for running the complex models ef�ciently on GPUs or other specialized hardware. Liou

et al's. [172] GEVO-ML is an example for a tool that addresses this particular challenge

of ML via automation, detecting and applying certain optimizations.

Optimization of course is also very much related to the testing and evaluation step,

where many of the XAI and visualization systems play a role, either in order to give

the developers a better understanding of the metrics and machinations [117, 122, 274,

321] or explicitly for debugging [122, 158].

Some of the authors attempt to maintain a holistic view though [9, 33, 206], ad-

dressing issues that are relevant throughout the development process like traceability

[210] and asset management [132].

Much less in the focus appears to be the question of ML requirements, which

according to the EDDA process [120] should include questions about acceptance

criteria, i.e. when a ML model is adequate. For the integration of ML systems, we found

two publications in our search: Liu et al. [178] which explores how different ML systems

3.2 | Tooling Landscape for Data-Driven Development 125



and libraries can interoperate via model transformation and Zhang et al. [336] who

approach ML tools from the perspective of MDD and highlight the existing integration

challenges in the tool infrastructure.

Overall it appears that certain aspects of data-driven development are already

very actively explored – whether to a degree of saturation we cannot yet say – while

others still provide ample opportunity for improvements. Still, the breadth of tools for

many niche and specialized aspects also highlights a certain fragmentation. Instead of

integrating solutions into tools with a large user base, researchers currently appear to

prefer building their solutions from scratch and as stand-alone solutions. This may be

in part due to the nature of research, focusing on small, well de�ned aspects. Another

factor, though, may also be the matter of interoperability and integration, as previously

mentioned [336].

There are notable exceptions like Malviya et al. [183], who advocate for a plugin-

based architecture, and others [13, 135, 153, 186, 261] who build plugins or extensions

to existing tools. However, based on the publications we investigated, the tooling

landscape remains in �ux, with Jupyter Notebooks – currently – a solid contender as

the tool of choice [139]. Alternatively, it is also possible to leverage the existing tooling

landscape and adapt it to support the development of data-driven applications too [65,

336], which not only is an ef�cient reuse of resources but could also lead to a greater

integration of software tools and thus counteract a potential fragmentation.

3.2.2.4 Evaluation Methodology

A slow adoption of tools can of course also be the result of insuf�cient quality and

poor usability. We therefore speci�cally noted the evaluation methods, if any, in the

publications. Positively, almost half (31) of the publications we analyzed did perform

some for of evaluation.

However, when comparing the method of evaluation, we found that there are three

mostly disjoint groups: publications from the more technically inclined venues tend to

favor benchmarks with analytical metrics to compare their implementations with prior

work (7), while particularly researchers from the �eld of human-computer interaction

rely more on user studies, interviews and surveys to capture to how their tools are
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perceived (13). A method that both groups occasionally rely on are case studies,

i.e. applying their tool in a realistic setting (10). Here we could, however, not reliably

determine from the text whether these case studies were selected after the tools were

completed or whether the tools were built with the application in mind.

While all these evaluation methods are very much valid to determine the quality

of the tools which people build, they each of course only address a limited number of

quality criteria. Unfortunately, our analysis shows that only a handful of publications

use more than one of those methods, so even though researchers may claim their

tool to be high quality, we typically get an incomplete picture, focusing often either on

analytical quality or the human perception but rarely both.

3.2.2.5 Related Literature Surveys

Beyond direct evaluation on individual tools, we found 14 publications in our sample

that reported not on single tools but on comparative surveys across multiple existing

tools, eight of which are from the last two years. This, to us, indicates an increase in

re�ection on the status quo and a desire to understand the current situation before

moving forward [98, 218].

Being from different domains, these publications focused on different aspects of

data-driven tools, be it where the tools are used, e.g. in education [139], or how

they support speci�c steps in the development from data preparation [103] to model

selection [221] or training and optimization [265]. In contrast to our survey they did not

speci�cally focus on the bene�ts for development experts but contrasted the expert

perspective to that of data science novices [12, 64, 265]. This focus is often motivated

by the complexity and opacity of current machine learning models and the process

for developing and tuning them [265], which makes existing tools hard to use for less

experienced users. At the same time, it is acknowledged that even experts often require

a considerable amount of skills and training for effectively using current tools [217]

which suggests that there is still much to do to achieve easy to use tools for data

science, regardless of the target group.
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Nonetheless, these types of comparisons and overviews, particularly when applied

to practical, real-word use cases, provide an additional perspective for evaluation the

existing tool landscape for data-driven development.

3.2.3 Discussion

From the body of publications, we were able to determine a number of commonalities

and shared directions but also highlight some of the outliers and shortcomings in

existing scienti�c literature. The following section will now summarize some of these

and draw conclusion regarding tooling for data-driven development in the future.

3.2.3.1 Common Goals

The generally high – and increasing – interest in the topic of data-driven development

and tools and methods for its support already suggest that is by now well understood

that Machine Learning etc. have moved from academic exercise to be the driver of

real-world change and thus needs to be treated as such. This view is shared by many

of the reviews and shows in a decent number of evaluations, which also suggest a

increase in re�ection.

Such introspection will help with transitioning from data science to an engineering

discipline. However, considering how diverse the �eld still is, with many disjointed

methods, processes and a limited consensus on best practices [106], there may be a

need for a coordinated effort to consolidate and steer the �eld similar to the movement

that brought us software engineering [21].

Another fact that has been acknowledged is that it can be quite challenging for

developers to move from conventional programming to developing data-driven software.

While the former builds on a de�ned sequence of instructions, the latter has many of its

functionality and intricacies implicit in the data where it is learned by the software but

remains hidden to the developer.

Certainly, the �eld of XAI is working on this challenge, but, at the current point

in time, the preferred target group seems to be end-users [51, 52, 79]. While this

yields interesting results, it is still unclear whether end users need or want explainability

[80, 312]. Developers, on the contrary, very clearly bene�t from opening up the black

128 3 | Software Development for AI



box that is ML for the purpose of debugging [122, 158], identifying biases [123] and

just general fairness [274], transparency [310] and an ethical use of the technology

[299]. Focusing some of the XAI efforts on developers �rst may, therefore, yield more

immediate, actionable successes. In addition, given that someone has to develop the

end-user explainability, making sure that developers precisely understand what is going

on, may also prevent a situation where �awed mental models are propagated and

should in turn improve the situation for all (cf. [191]).

3.2.3.2 Common Openings

As highlighted in Table 3.5, not all aspects of data-driven development, in this case

represented by steps in the EDDA-process [120], have received an equal amount of

attention in the form of publications. As mentioned before some of these areas may

already be covered by prior research from traditional software engineering though. In

addition, a high number of publications and approaches in one area must not mean

that this step has been solved but can also indicate a high need for diverse solutions

or many incremental improvements. It is therefore hard to precisely determine, where

exactly more needs to be done.

It it, however, noteworthy that the large gaps appear to lie at the interface between

data-driven and more traditional software development: there is little to nothing for

specifying the requirements of the data-driven aspect in the context of the larger

software and similarly little for integrating the data-driven part into the software and

pushing it into the world. This may be due to a diffusion of responsibility between

traditional and data-driven development, both expecting the other side to handle this.

Another possible explanation may be that these are the points of friction where we

have not yet found adequate solutions. Both these potential reasons, however, strongly

suggests that these areas will require some attention and should not be neglected

going forward.

3.2.3.3 Quo Vadis

Research into the development of data-driven explanations certainly is only getting

started, though. Nonetheless, the question arises which immediate issues need to
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be addressed now to steer the �eld in a good direction. For tooling in particular it is

important to make Machine Learning and related technologies accessible to a broad

audience to make sure many can participate in a technology that affects everyone.

Likewise, we need to determine the major impediments for its common adoption �rst

before we rush into niche solutions for specialized problems.

Based on the literature we described in this paper, we see a number of properties

that tools in the nearby future should try to achieve:

Vertical Integration One issue that is not just bothersome but can also introduce

an arbitrary number of problems is when a developer has to use a specialized tool for

each step in the development. It is no wonder that for traditional software engineering,

many professionals use Integrated Development Environments (IDEs), i.e. tools that

attempt to integrate support mechanisms for a slew of activities in a single application.

As our literature review shows quite clearly, there are many helpful tools for many

important steps in the development process but most of them are stand-alone applica-

tions. In order to use them, developers will have to export, import and transform their

data, which will be the source of errors.

Arguably, this may very well be an artifact of the fact that academic projects often

focus on one aspect only. Still, a growing number of projects, including from academia,

provide their support mechanisms integrated into the Jupyter Notebook environment,

as one of the most popular tool. Such a close integration into an established platform

not only does reduces the likelihood of errors due to for example data-transfer, but also

simpli�ed usage and increases usability, which saves time and should positively affect

adoption. We therefore encourage this practice for future development efforts.

Horizontal Integration Of course, consolidating tools leads to another open topic:

how to integrate data, models, etc. from various tools, libraries and systems. This

will require some form of universal interface between applications, which is highly

non-trivial, but there are early efforts for interaction between software systems, both in

our sample of the literature, e.g. the AI-ESTATE standard [131, 289], or beyond, like
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the ONNX standard and platform1 which allows for a shared representation and thus

exchange of ML models. Unfortunately, in our literature sample, we could �nd only very

few examples where these, admittedly relatively new, standards are being used.

Currently, the more common practice (e.g. [9]) is to leverage the RESTful ar-

chitecture, as well established in traditional software engineering, and provide ML

functionality as a service with an API. Adherence to this de facto standard method also

allows fairly simple interoperability with traditional software systems; a topic that was

barely mentioned in our literature sample.

Automation A major trend in the publications from our sample seems to be automa-

tion though, with one in �ve publications introducing a tool that automates some aspect

of the development. As mentioned before, complete automation is viewed critically in

some of the analyses though, for it will exasperate the opaque nature of ML, which

is undesirable for developers and unacceptable in many domains like for example

healthcare [126, 224, 268].

This balance between automation and control is of course not new, but in this case

of software and data-driven development is somewhat re�exive in that the developers

of the automation would potentially automate their own work.

To ensure this balance, we should strive to make the transition across the spectrum

of automation as easy as possible. This means that for any step that can be automated,

developers should have the choice of letting the computer solve the problem for them,

manually solve it themselves or rely on any form of collaborative interaction in between

with little overhead for switching between these options.

Graphical and Code-based Tool Another very common theme is the use of visualiza-

tions, which were used in a number of publications. They way they are often presented

suggests that for many data-driven development has a strong graphical component, be

it as a means of tackling its complexity or as a property inherent to this development

paradigm.

1https://onnx.ai
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Naturally, many have leveraged this in some form or another, yielding a number

of graphical programming tools for data-driven development. Still, Jupyter notebooks,

which are at their core code-based, remain among the most popular tools [139, 149].

Various evaluations in our sample suggests, though, that the graphical aspects

provides a number of bene�ts, particularly when dealing with complexity at the scale of

many data-driven applications. Code, on the other hand, is very concise and expressive,

allowing a high degree of control and �exibility. Both therefore are valid presentations.

Work like that of Kery et al. [153] already show that these two options must not

stand distinct from each other but can be combined. Solutions like that, which allow a

seamless transition from established to novel interfaces may convince more people to

try interfaces beyond what they already know and use – particularly when integrated

into a platform that developers already use, like Jupyter notebooks. The division of

Jupyter Notebooks into individual blocks that individually can be switched between

graphical and code-based view lends itself especially well for this, but this notion of

decomposition has been used to a further degree already. Silva et als. [280] DBSnap++

uses graphical programming, where queries of data are built from individual blocks,

or consider RapidMiner [28], which builds the whole data processing pipeline by

composing blocks.

In fact, the pipeline-nature of data-driven software lends itself very much to this

idea inspired by prior work in MDD, since the data-�ow from a high-level perspective is

straight forward. To still facilitate the aforementioned control and �exiblity, tools could

allow a �uid switch to code [153] for individual steps or even a hierarchical structure

where developers can drill down through multiple levels of abstraction per block until

they reach the level of detail they require.

There are already a number of approaches for extending computational notebooks

beyond their linear presentation [110, 111, 316]. By placing cells as blocks arbitrarily

in 2D space alows for more �exibility. Additionally, when each cell is a distinct step

in the processing pipeline, this already moves in the direction of combining graphical,

block-based programming with computational notebooks.

However, one should not forget that this way of abstraction, composition and

general approach to complexity has been state-of-the-art for many years in MDD but

did manage to convince the majority of software engineers to use it in everyday practice.
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Holistic Evaluation Why exactly MDD is not as widely adopted as it might be for all

its bene�ts is beyond the scope of this thesis, but some recent trends in that �eld [17]

and some aspects of our data may hold some clues how to prevent this for data-driven

development.

To be adopted a tool should ful�ll certain criteria, among which are that it should

provide suf�cient bene�ts at a low cost. For data-driven tools the bene�ts can include

an increase in model and software quality, while the cost can come in work overhead

and general usability.

Part of this is often the topic of an increasing number of evaluations in this �eld of

research – a development that is to be encouraged. Still, looking at how the tools in

our sample are evaluated, we saw that the majority is only evaluated for one of these

two aspects: either some form of usability evaluation or performance benchmarking.

However, even if a tool is superior to other in the benchmarks, it is likely that only few

people can adopt it if it is only usable by highly experienced experts. Likewise, if a tool

is a delight to use but provides only limited practical value, it will likely also be rejected.

This is not to say that tools from technology experts are unusable or those from HCI

are technically unsound – with the current evaluations we cannot tell – but to convince

potential early adopters, an holistic evaluation from multiple perspective may be more

convincing.

This should also encourage and facilitate collaboration across domains, which

generally is desirable and should lead to better, more rounded tools. However, such

collaboration must be supported on an organizational level also, for example by encour-

aging more human-centered work at technical venues and vice versa. Considering how

tooling and support for developers is distributed across the different venues in our data

set, there still seems be a bit of work left to do.

3.2.3.4 Limitations

At the same time, one would assume that an area like software development, where

the target groups is capable of building their own solutions, would be self-regulating

in that developers will likely build the tools for their own most pressing issues. So, our

selection of scienti�c literature cannot fully re�ect the full breath of tooling for data-

3.2 | Tooling Landscape for Data-Driven Development 133



driven development, since it will not include all the individual solutions that did not make

it into a scienti�c publication. Likewise we also cannot judge the tooling landscape that

large corporations might employ internally, as long as they remain behind closed doors.

These tools, however, often are created in an ad-hoc fashion and without publicly

accessible evaluations it is hard to determine their actual value and bene�t. Particularly

for data-driven software, where many factors like unknown biases can be the deciding

factor between impressive results and hidden �aws, a healthy degree of skepticism for

un-tested and un-evaluated tools is appropriate. Consequently publication, scienti�c

or otherwise, an open-source mentality and, in general, continuous evaluation are all

what we should strive for to ensure that data-driven software increases in quality and

its development becomes easier, more accessible and more reliable.

That is, of course, not to say that many of the current tools we looked at are

necessarily �awed, but with only about half of them providing an evaluation, there is

still some room for making their bene�ts more convincing and improving transparency.

Naturally, our results for these tools depend on the search and �lter criteria we

applied and can only re�ect a snapshot of the status quo. Given how fast the �eld of ML

is changing, many more tools are probably already being developed to address many

of the open issues and at the same time the technology may change such that existing

tools become obsolete. Given that software developers do still use tools that have been

around for decades, the adoption is not a quick though. So, the question really is not

which individual tool will be used by how many people but which overarching theme

will be prevalent and can convince developers to change habits. These themes, some

of which have been described in this paper, are more stable and much more than just

trends, but therefore should also be grounded in the results of systematic evaluations

of what works and what does not.
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3.3 Hybrid Development Tools for Data-Driven

Development

This section is based on the following publications:

Thomas Weber, Janina Ehe, and Sven Mayer. “Extending Jupyter with Multi-Paradigm

Editors.” In: Proc. ACM Hum.-Comput. Interact. 8.EICS (June 2024). DOI: 10.1145/
3660247
Thomas Weber and Sven Mayer. “Usability and Adoption of Graphical Tools for Data-

Driven Development.” In: Proceedings of Mensch Und Computer 2024. MuC '24.

Karlsruhe, Germany: Association for Computing Machinery, 2024, 231–241. ISBN:

9798400709982. DOI: 10.1145/3670653.3670658

As the literature review in the previous section demonstrates, tooling is an area that

still holds a lot of potential for supporting software developers with building data-driven

applications. This, this section explores how to create a concrete implementation of

tools that address some of the challenges which we found in prior work, thus addressing

RQ 4. Speci�cally, we focus on a human-centered perspective. The goal of this is

to build a tool speci�cally with adoption in mind and continuously evaluate whether it

meeds the needs of developers.

As part of this, we take the integration of different features into account, both within

the tool but also in the larger ecosystem of software developement tools. Additionally,

we include the graphical programming paradigm as an example of a less adopted but

potentially bene�cial paradigm in our evaluation. We selected this paradigm based

on the insights from the literature described in the previous section. Furthermore,

visualization plays a prominent role in data-driven development, making this paradigm

particularly interesting.

Following these requirement, we implemented a development tool across various

iterations, starting with a graphical programming interface and then extending it into a

multi-paradigm tool that gives developers an increased level of �exiblity and integrates

with existing tool infrastructure for computational notebooks while managing the level

of perceived complexity.
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We evaluated the �rst, purely graphical iteration in a user study (N = 20) which

demonstrated some improvements. We further iterated on this system based on the

feedback to allow users to use different presentations and programming paradigms

side-by-side and with the option to transition between them seamlessly.

With this multi-paradigm presentation, we address the desire of developers for

�exibility, which was mentioned already in previous studies (e.g., Section 2.1) and

was reiterated here. We collected further user feedback during the development from

professional developers (N = 12), demonstrating that a multi-paradigm interface offers

greater �exibility to developers without negatively impacting their perceived mental

load. The feedback from the study participants also included speci�c use cases

and work�ows that would bene�t from the option to use different paradigms at will.

Thus, our work not only demonstrates the technical feasibility of extending the Jupyter

infrastructure with different user interfaces but also highlights how different paradigms

and even multi-paradigm user interfaces can provide bene�ts for software developers.

3.3.1 Related Work

Non-textual programming paradigms, e.g., graphical programming, as an alternative

to the traditional text-based input method, have been around for decades, effectively

ever since computers were powerful enough to support them [201]. In this chapter,

we will brie�y outline these ideas and some of the existing prior work that informed

the design of our hybrid development environment, particularly for creating data-driven

applications.

3.3.1.1 Literate Programming and Computational Notebooks

Literate programming as a concept describes the idea that programs should be consid-

ered as pieces of literature [155] and thus be highly readable for humans. An essential

part of this is adequate documentation in an understandable format. This idea is, in fact,

quite old already, having been formulated by Donald E. Knuth as early as 1984 [155].

While the goal of having adequate, human-readable documentation easily available has

always been present, surveys of software repositories show that even if documentation

is present, it can be spread out across multiple sources [284]. Thus, computational
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notebooks try to facilitate literate programming by making it easy to keep code and

documentation closely intertwined. Lau et al. [161] summarized a wide array of existing

approaches and variants of computational notebooks, highlighting that the design space

for these systems allows for quite some variance.

One of the most popular literate programming tools is Jupyter notebooks [242],

which presents software code in interactive cells interleaved with their output. Their

interaction allows for relatively rapid exploration and prototyping, making them at-

tractive to skilled but also less experienced developers [173] and for programming

education [212, 303].

Project Jupyter is not just the interface but also acts as a platform for different

usage scenarios and different target groups [192, 234, 242]. For one, it supports

multiple programming languages — hence also the name, which includes the set of

three core programming languages Julia, Python, and R. The underlying infrastructure

of code execution kernels has allowed it to be extended to support many additional

programming languages. The front end is also extensible, allowing developers to add

their own commands, interface modi�cations, and widgets to replace and enhance

the original cell structure. Naturally, this has been leveraged in a number of research

projects: In the mage system [150], for example, the output of data operations is

processed and presented as an interactive table, and changes in the table are re�ected

in an update of the source code. Here, the multi-modal presentation is limited to the

output. Kery et al. [153] highlight that this concept could be taken even further, e.g.,

using drag-and-drop in the widget but also between widgets and cells. The ODEN

system adds widgets that visualize neural network architectures alongside the code of

the network. Using these visualizations allows for additional interaction to manipulate

the neural network directly and not just with code [339]. The code cell structure, which

is popular in many computational notebook systems, also motivated Watson et al.

[311] to develop an extension for Jupyter that allows developers to reuse existing code

snippets in the domain of molecular biology.

The computational notebook interface is not without drawbacks, though. Firstly, the

goal of making software more human-readable and facilitating documentation is not a

necessary consequence of the interface. While it encourages good practice regarding

documentation by allowing developers to add their documentation directly alongside
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the code as Markdown, a survey of 1.4 million notebooks from GitHub by Pimentel et al.

[234] showed that this promise does not necessarily hold true. Many notebooks are still

lacking when it comes to using cells for documentation. Furthermore, Chattopadhyay

et al. [43] report on nine pain points that developers have with them and how they try to

mitigate them. Among them, they found that developers are dissatis�ed with the support

in notebooks for activities such as refactoring. As a result, they regularly copy their code

back and forth between tools. Consequently, the authors suggest combining different

development paradigms to reduce work overhead across tools. Furthermore, both

Head et al. [116] and Lau et al. [161] highlight that the linear, sequential presentation of

notebooks, as a consequence of the text-based presentation, can lead to issues since

the cells can still be executed in arbitrary order. The result problems, like missing or

incorrect values, lack of code dependencies, etc., then easily confuse the user.

This demonstrates that, while they are currently very popular, computational note-

books will likely not be the one paradigm for all programming needs. The extensible

infrastructure, however, does lend itself as a platform to iterate on how programming in-

terfaces might be designed, so we utilize it in this paper to test out different programming

paradigms.

3.3.1.2 Programming Paradigms

While computational notebooks are popular partially because of their simple and fresh

take on a programming user interface, they fundamentally follow the principles of textual

programming. However, it is unsurprising that software development can occur in many

different ways using different programming paradigms. Over the years, there have been

many explorations of programming paradigms, including the following:

Visual Programming [36, 201] or Graphical Programming uses richer represen-

tation and interaction to de�ne software behavior. Here, the developer uses a visual

representation, e.g., following the visual models of the UML [259], to create software.

The visual representation can provide greater �exibility than text because it is not

constrained to be strictly sequential and is often supported through direct manipulation

for effective interaction.
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Programming by Example [56, 171, 201] allows developers to demonstrate their

desired behavior, and the computer then infers the required instructions to facilitate this

behavior. This paradigm requires relatively little programming expertise but bene�ts

greatly from domain knowledge, making it interesting to work with domain experts.

Natural Language Programming replaces the conventional, rigorously structured

programming language and allows developers to describe the software and its behavior

in natural language. The lack of precision of natural language requires some translation

into a format acceptable for the machine (e.g. [176]). However, the familiar interface

provides a very low barrier to entry for this development paradigm. In addition, advances

in large language models have made this type of development viable for increasingly

complex software [47, 314, 326] as discussed and assess in Section 2.2.

Rule-based Programming substitutes describing the behavior of the software

by enabling the developer to de�ne rules to constrain the programs' space via logical

expressions [54], data-relations [89], etc.

Data�ow Programming is based on the concept of data �owing from one output to

an input of another node. Data�ow languages can be represented in a directed graph.

It allows partitioning into components by adding phantom input or output nodes and

concurrent execution of nodes as input parameters become available [3]. This gives a

better overview of data �ow and processing.

These are only some examples, and new paradigms emerge and change all

the time, so the exact line between them can be blurry. Furthermore, with multi-

paradigm languages, multi-language projects, etc., a single software project increasingly

relies on multiple programming and development paradigms. Still, most software

development tools, computational notebooks included, rely primarily or exclusively

on textual programming. While textual programming has proven successful, these

alternate paradigms each have their own advantages. Thus, we explore how the

Jupyter infrastructure can be extended and how it can support different programming

paradigms.

For now, we focus on visual programming, which, while not broadly adopted, has

proven successful in some niche areas of professional software development, e.g.,

embedded programming [15, 245] or high-performance computing [90, 264].
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Since these different programming paradigms all have advantages and disadvan-

tages, we also consider how they can be combined. Existing approaches typically only

add different paradigms on top of textual programming [83, 211, 253]. However, these

focus on using the visual presentation as an alternative, not necessarily in parallel,

forcing developers to choose or incurring certain switching overhead and mental load.

Lately, game engines (Unity1 or the Unreal2) have added functionality, where develop-

ers can choose to write their applications using a text-based paradigm like C# or use

a visual programming approach. However, the transition between the two is far from

seamless. However, there is already evidence that when it is easy to switch between

multiple programming paradigms, they can outperform single-paradigm editors in some

areas, e.g., in education [318].

3.3.1.3 Developing Data-Driven Applications

Given that computational notebooks are particularly popular in the domain of data

science and for developing data-driven applications, our work also operates within this

domain. These types of applications have grown in popularity over the past few decades

for many reasons, including increases in computing power and data availability. The

many developers now working to create these applications require adequate support.

While Jupyter notebooks are quite popular in this domain [242], there are other tools,

some of which also explore alternate programming paradigms.

One example, using the graphical programming paradigm, is RapidMiner [28, 190],

which provides a process workspace in which the user can compose operating trees

and, thereby, the data- and control �ow. Data processing steps are displayed as blocks

and can be spatially arranged[190]. In contrast to textual programming, this visual

presentation provides a better overview of work�ows and accelerates redundant steps,

e.g., data preprocessing [28]. KNIME [26] and Orange [69] offer similar functionality,

including “visual brushing”, i.e., a user can select data and computation representations

across different views. Of these views, some allow for textual programming, but this is

distinctly separated from the visual presentation and requires a context switch.

1https://unity.com/features/unity-visual-scripting
2https://docs.unrealengine.com/4.27/en-US/ProgrammingAndScripting/
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Weber and Hußmann [C4] provide an overview of tools for data-driven software

development from the last decade. Their review shows that there are quite some tools

that do not follow the common, text-based paradigm. Based on their literature review,

they also provide areas that could improve data-driven development, including visual

programming. However, as mentioned above, with the popularity of computational

notebooks, textual programming is currently the paradigm of choice for data-driven

development. Still, other development paradigms have other advantages, so the

authors suggest exploring how we can increase the likelihood of developers trying and

using them. Thus, this paper explores whether we can achieve this by adding different

paradigms to the established Jupyter infrastructure. Additionally, we also test whether

combining different paradigms side-by-side can further assist with this endeavor.

3.3.2 Extending the Jupyter Infrastructure

As previously described, the computational notebooks of Project Jupyter are essentially

only a frontend, which interacts with a backend of kernels. These kernels execute the

actual code, maintain state and scope, and respond with its output. The communication

between these components happens via the ZeroMQ message passing system or

HTTP on top of it. For a full overview of the Juypter infrastructure and communication

protocol, please refer to the documentation1.

The user interface for Jupyter notebooks can be extended with widgets. Such a

widget can extend the functionality of an existing code or output cell or add a new

type of cell with novel functionality. However, Jupyter widgets generally adhere to

the sequential cell structure of classic computational notebooks. After overcoming

some of the shortcomings of this structure, we decided �rst to build the user interface

independent of this structure. Thus, our interface offers essentially a full alternative

frontend, which interacts with the Jupyter kernels in the backend for code execution.

In later iterations – for the multi-paradigm presentation – we re-introduced the cell

structure as a parallel interface option.

We implemented this interface as a (VSC) extension. We chose this method for

multiple reasons: Jupyter notebooks are also available for VSC, which gives us a

1https://jupyter-client.readthedocs.io/en/stable/messaging.html

3.3 | Hybrid Development Tools for Data-Driven Development 141



state-of-the-art reference in an environment that is familiar to many software develop-

ers. Additionally, VSC provides some functionality, both for the interface, like highly

con�gurable side-by-side views, and for the underlying implementation, like easy �le

access. Thus, we could simply develop two custom editors in VSC, utilizing its existing

functionality, and display them within VSCs interface. This kept the overall structure

and appearance very similar and comparable for subsequent evaluations.

Within this context, we implemented a graphical programming environment and

added an extended version of the common computational notebooks. This notebook

operated in parallel with the graphical interface while keeping the code synchronized

between both editors.

3.3.2.1 A Graphical Programming Interface for Jupyter

Our implementation of the graphical programming paradigm roughly follows common

patterns found in existing tools for data-driven applications like RapidMiner [28, 190]

but also other domains, e.g. programming of embedded systems [288], education [317],

robotics [345], etc.

In this system, small system fragments are represented as blocks with inputs and

outputs, which can be composed on a single canvas, which represents the software.

Each block can be viewed as a function with a �xed number of parameters and a

number of return values. From the data-processing perspective, each block is also

a step in the data-processing pipeline. Inputs and Outputs can be connected via

drag-and-drop (see Figure 3.7), where each output can be used in any number of

subsequent inputs, but any input draws its' data from only a single source. Visually,

this is indicated by connecting lines. A larger piece of software, thus, is a directed

graph where the nodes are the blocks. Since the software of a certain size, and thus a

considerable number of blocks, can quickly become visually cluttered, we added the

option of composite blocks, i.e., blocks that encapsulate a sub-graph of blocks (see

Figure 3.6). In the domain of data-driven applications, this is also particularly useful to

represent neural networks, which often are considered a single unit on a higher level

but have an internal structure, which can also be represented using blocks for each

layer.
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