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Abstract

The trend of sharing images and image-based social networks has eventually
changed the landscape of social networks. As a result, this shift has impacted so-
cial coding platforms, and previous studies showed that image sharing has become
increasingly popular among software developers. However, most developers’ pro-
ductivity assistance tools predominantly rely on textual content only. To enhance
issue reports, this study focuses on three primary objectives: (i) identifying issue re-
ports that benefit from image sharing and processing in Bugzilla, (ii) identifying the
type of image that would improve the bug report, and (iii) conducting a comprehen-
sive qualitative and quantitative evaluation of the tool’s performance and impact.
The quantitative evaluation demonstrates that our tool achieves an average recall
of 78% and an average F1-score of 74% in predicting the necessity of including im-
age attachments in issue reports. Moreover, our qualitative evaluation of software
developers showed that 75% of the developers found the overall design and recom-
mendations of our method practically useful for issue reporting. This study, along
with its associated dataset and methodology, represents the first research on rec-
ommending images to developers for enhanced issue report communication. Our
results illuminate a promising trajectory for enhanced and visual productivity tools

for developers.
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“Seeing comes before words. The child looks and recognizes before it can speak.”

John Berger, Ways of Seeing
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Chapter 1

Introduction

Effectively identifying, reporting, and resolving issues is crucial for maintaining
high-quality software products. Traditional text-based reports often fail to capture
the full details or complexities of a problem, leading to misunderstandings, incorrect
diagnoses, and longer resolution time [9]. To improve this process, several tools have
been developed [96, 85]. Current recommendation systems and productivity tools
for software development primarily rely on textual information. A substantial body
of research has focused on bug triaging, resolution management, and developer rec-
ommendations [30], which is based on numerical data, such as bug metadata, or
textual descriptions and/or the reproduction steps of the error [71, 97].

Developers are increasingly using images in their communications on social cod-
ing platforms [58] providing complementary context for comprehending the text of
bug reports [59]. A study by Bettenburg et al. [9] involving developers from large
open-source projects, including Mozilla, highlighted the benefits of using screen-
shots in issue reporting but also pointed out a significant lack of tool support for
this practice. Subsequent studies in 2020 and 2021 by Nayebi and Adams [58, 59]
showed a 200% increment in the number of images submitted by developers on
Mozilla and Stack Overflow between 2013 and 2018. Research shows that including
images in issue reports can greatly improve their clarity and usefulness. Images pro-
vide important additional information that complements the text in bug reports and
are often essential for resolving issues [59]. Recent studies on the use of images on
Stack Overflow and Mozilla [58, 59, 98] indicate that images can significantly reduce
the turnaround time for bug resolution and Q/A tasks and improve understanding

of the subject matter.



Our preliminary research showed that 89.9% of developers encounter issues where
a visual representation would have expedited the understanding and resolution
process. For instance, Ul-related problems and graphical discrepancies are often
difficult to describe accurately in words alone. In a survey conducted among 168
software development professionals, 86.9% reported that screenshots or diagrams
helped them understand an issue that was unlikely to be solved using text-only de-
scriptions. Furthermore, bug resolution time was reduced by an average of 30%
when images were included in the reports or the questions [59].

Bugzilla, Mozilla’s open-source bug repository, which has been the subject of
several research studies [74], has shown an increasing number of issues that include
images. Starting in 2013, Bugzilla saw an average increase of 5.6% in the number
of issues with attached images per year [58]. In fact, for 67% of the issue reports in
Bugzilla, images are only added after the initial response to a bug report and at the
request of the community to better understand the issue. There are no structured
guidelines on whether, when, and what types of images could be included to facil-
itate bug triaging. This lack of guidance often results in missed opportunities and
longer turnaround time [59].

We argue that different types of images can be added to certain issue reports
in Bugzilla to enhance clarity and facilitate the bug triaging and prioritization pro-
cess. Identifying which issues would benefit from images and what types of images
are most useful is the focus of this study. Our goal is to equip developers with the
knowledge and tools to make their issue reports more comprehensive, facilitating
quicker and more accurate resolutions. Ultimately, this will lead to better software
quality and increased team productivity. Specifically, we address the following re-

search questions (RQs):

RQ1: Which issue reports benefit most from including images?

Not every issue has and can benefit from adding images, and identifying the issues
that can benefit from attaching an image is not trivial. We approach the question
using supervised learning. Based on the historical issue reports we retrieved from
Bugzilla between 1994-09-01 and 2022-07-19, we benchmarked with various clas-

sification model techniques using issues” metadata (e.g., bug priority, component,



severity, etc.) and the issues’ textual content.

RQ2: What types of images should a developer add for an issue report?

For each issue identified that would benefit from attaching images, we recommend
specific types of images that developers should add to the issue report. For this
task, we relied on the ten categories of images defined in previous research [58] and
offered a set of image types. We use supervised learning to answer this question.
We experimented with classifiers using issues metadata and sequence-to-sequence

models using the text content of the issue reports.

As a result of comprehensive benchmarking, we developed a recommendation
engine and a plugin tool called ImageR. ImageR first determines whether an issue
requires an image based on the findings from RQ1. If an image is needed, the types
of images are suggested to developers for improved communication based on the
results from RQ2. ImageR incorporates classic machine learning models, deep learn-
ing models, and ensemble learning techniques. We then qualitatively evaluated the

methods and the tool by addressing RQ3:

RQ3: How do developers perceive the value of recommendations by ImageR?

We performed a qualitative analysis with software developers using our tool exten-
sion to report issues in Bugzilla. We surveyed 12 software developers reporting 90
bug reports on the usefulness of ImageR and their perceived accuracy of its predic-
tions. We further aggregated feedback for future improvements.

The main contributions of this work include:

1. Developing the first model that incorporates classic machine learning models,
deep learning models, and ensemble learning techniques to improve the bug

reporting process and enhance developers’ productivity using visual aids.

2. Creating a recommendation engine and plugin tool, ImageR, which enhances

bug report communication through the complementary use of images.

3. Conducting a quantitative benchmarking of different techniques and a quali-
tative survey study with 12 software practitioners to demonstrate the utility of

ImageR.



4. Compiling a dataset of historical issue reports with image attachments from

Bugzilla.

In what follows, we discuss the design of the case study and the data used for
our analysis in Chapter 4,. We then introduce the methodology and the steps taken
by detailing relevant machine learning details in Chapter 5. We present our results
in Chapter 6 and discuss different design options and their impact in Chapter 7.
We then discuss the threats to the validity of our study in Chapter 8 followed by
the related work in Chapter 2. Moreover, we discuss our ImageR extension tool in
Chapter 9. We also made our dataset and evaluation results publicly available in the

online supplemental material.



Chapter 2

Related Work

The empirical aspects of software development and management have primarily
focused on generating actionable insights across various domains, with significant
emphasis on issue tracking and triaging processes [61, 77]. Research by Bettenburg
et al. [9] underscores the importance of high-quality bug reports. They found that
reports lacking clear reproduction steps, expected behavior, and relevant logs sig-
nificantly hinder debugging. Methods for automatically improving the quality of
issue reports are a long-standing problem, especially for developers who are not
experts in issue reporting. The main problem with issue reporting is the lack of ex-
perience in issue reporting that most developers have when they report issues they
have. There are many studies about how to enhance the quality of issue reports [62,
60], one of them being the use of templates that guide users in providing detailed
and structured information, for instance, by detailing the reproduction steps [63].
For example, software platforms like JIRA and GitHub offer issue templates that
prompt users to include critical details, including Expected Result, Logs, and Repro-
duction Steps [47, 88, 64].

Several techniques and tools have been developed to automatically capture the
relevant information. One notable example is the tool Cuezilla introduced by Zim-
mermann et al. [110], which measures the quality of issue reports and automatically
captures and attaches relevant context information to bug reports. In their paper,
they also find the most severe problems with issue reports are errors in steps to re-
produce (S2Rs) and incomplete information, which leads the developers astray dur-
ing bug resolution [110]. Further studies showed that including screenshots has a

notable impact on improving bug reports [110]. Issues tracking and triaging is a



collaborative effort that calls for clear guidelines and ownership among software

developers, making it a pivotal task in software teams [41, 40].

2.1 Natural language processing on issue report

Moreover, natural language processing (NLP) techniques are also commonly used
to help with bug fixing [45, 95, 29]. Tarar et al. [90] introduce the automatic gener-
ation of bug report summaries, which can save time and increase efficiency during
the development process. Lamkanfi et al. [44] proposed a model to predict the
severity of bug reports based on other information about the bug report, particu-
larly on the textual description. Their approach achieves a reasonable performance
on the reported bug data from three open-source communities (Mozilla, Eclipse, and
GNOME). Some take a different approach and mine the online forums to extract the

issue reports and their reproduction steps [62, 65].

2.2 Visual application in Software Engineering

The use of visual aids in software engineering has a long and extensive history, span-
ning from visualizing the software development life cycle to representing algorithms
for debugging [105, 4]. One of the recent uses of image analysis in software engi-
neering focuses on software testing to detect duplicate test reports in crowd-testing
platforms, leading to an increasing number of related publications [1, 106]. There are
also a series of other studies on tracking the eye movement of software developers
[81].

The earlier version of this study by Nayebi et al. [58] was the first to inves-
tigate the impact of image sharing on these platforms. In their study, they show
that there is an increasing trend of sharing images on two popular platforms, Stack-
Overflow and Bugzilla, and they forecast a possible future when images will become
a dominating means of communication in developers’ social coding environments.
Moreover, visual attachments are critical in conveying an issue’s context and other
specifics. The study by Bissyandé et al. [11] demonstrated that bug reports accom-

panied by screenshots are more likely to be resolved quickly. Their research showed



that visual information helps bridge the communication gap between non-expert re-
porters and developers, making it easier to understand and replicate the reported

issues.

2.3 Analysis of Bugzilla Issue Reports

In our study, we use Bugzilla as our main data resource. Bugzilla is an active and
popular repository and community for software engineering research and software
repository mining.

In recent times, the academic world has displayed a strong fascination with dif-
ferent facets of social coding platforms [109, 6, 86, 87], examples include contempo-
rary version control systems like GIT and the methods and tools aimed at enhancing
the productivity of software developers [56, 96, 70]. Bugzilla is an open-source plat-
form where software maintenance requests can be grouped, implemented, and ad-
dressed by project maintainers and developers with different skills and commitment
levels. [55, 36]

However, Anvik et al. [2] talk about the drawbacks of manual triaging are not
able to address the increasing number of issues. In 2005, a certified maintainer from
the Mozilla Software Foundation made the following comment on this situation:
“Every day, almost 300 bugs appear that need triaging. This is far too much for only
the Mozilla programmers to handle” [2].

The reports that are posted on issue-tracking systems, such as Bugzilla or JIRA,
are called bug/issue reports. How to analyze and utilize these issue report data has
gained focus in recent years. Barraza et al. [5] proposed Software Reliability models
and analyzed Bugzilla issue reports using models for software engineering studies.
With the evolution of development tools, communication channels have increased

to facilitate seamless collaboration and communication among developers [16].

24 Duplicate issue report detection application

Duplicate reports have been one of the biggest problems in the maintenance of issue-

tracking systems, and the maintenance phase accounts for almost two-thirds of the



total effort in normal software development processes [23]. To detect and remove
the duplicate reports, Wang et al. [99] proposed SETU, a duplicate crowd-testing re-
port detection tool that combines textual descriptions and reports screenshots. Their
evaluation results showed that SETU significantly outperformed other similar ap-
proaches. Cooper et al. [17] introduced a similar tool, TANGO, that integrates vi-
sual and textual information for visual bug reports, reducing 60% of developer effort
under its optimal configuration. Stocco and colleagues suggested a method called
VISTA for visual test repair [84]. VISTA demonstrated the ability to resolve 81% of
such issues. The study also revealed that, on average, 2.8% of layout-based and 3.9%
of visual test methods exhibit fragility and require maintenance [84]. Choudhary et
al. introduced WebDiff for identifying cross-browser issues by visually comparing
the appearance of rendered web pages [15]. This innovation paved the way for sub-
sequent research in learning image features [80] and image-based web testing [51,

89]. Thung et al. introduces DupFinder to detect [91]

2.5 Text-based Bug Localization Tools

The bug localization which is locating the position where the bug exists in the project
given an identified bug, is an indispensable process in debugging and software de-
velopment [46]. Bug localization is time-consuming since the developer needs to go
through all the files in a project. There are various techniques to help with auto-
matic bug localization, mainly based on two kinds of information: historical-based
or code-based. On the one hand, the bug localization tools based on historical bugs
can be searching for one or more similar historical bug reports in the system since
one similar bug could have been proposed and resolved before [3, 1]. Cubranic et
al. [18] introduced a tool to efficiently get access to the project memory, which is
a collection of software artifacts containing the past experience of the whole work-
group. Ashok et al. [3] introduced a recommender system for debugging, which can
search for similar bugs from the dataset of past repositories. On the other hand, the
bug localization tools based on the source code of the current project will first pre-

process the source code using NLP techniques, and then find the most relevant part



in the processed source code. This technique can be considered as an information-
retrieval method to localize the bug by retrieving bug-related source code. The com-
mon information-retrieval process consists of five major steps, corpus creation, in-
dexing, query formulation, retrieval ranking, and results examination [107, 28].
Additionally, Davies et al. [21] also introduced an approach to enhancing source-
code-based information retrieval by utilizing the textual similarity between bug re-
ports. Their tool has been evaluated on 372 bugs from 4 projects and is proven to be

a viable method for enhancing bug localization on all four projects [21].

2.6 Duplicate Detection Tools

Duplicate bug reports can be a significant challenge in issue-tracking systems, lead-
ing to wasted resources and confusion [78]. Tools like ReBucket and DupFinder
address this by analyzing new bug reports and comparing them to existing ones
in the database [20, 91]. This kind of tool uses text similarity algorithms, machine
learning, and natural language processing (NLP) techniques to detect potential du-
plicates. For example, ReBucket clusters similar reports based on their content and
provides a confidence score indicating the likelihood of duplication [20]. DupFinder
leverages NLP techniques to compare the semantic meaning of bug reports, making

it more effective at identifying duplicates even when the language used differs [91].

2.7 Issue Summarization Tools

Given the complexity and length of some bug reports, summarization tools help by
providing concise summaries that highlight the most critical information. Many text
summarization approaches exist that can be used for summary generation of bug
reports by either supervised learning or unsupervised learning. Rastkar et al. [72]
investigated a supervised classifier-based approach by assigning zero or one value to
each sentence in the bug report conversation based on its features. Lotufo et al. [50]
investigated an unsupervised approach, which ranks a bug report sentence based on
whether this sentence discusses a frequently discussed topic, or based on the simi-

larity between this sentence and the report title or description. Their paper shows a



12 percent improvement on the supervised learning approach that Rastkar et al. pro-
posed [72]. Mani et al. [53] also explored four existing unsupervised summarization
techniques for bug report summarization, and their work shows an improvement in

precision over the supervised approach.

2.8 Issue Report Generation Tools

Tools that assist in the generation of issue reports often automate the process of bug
finding and reporting. Yagemann et al. [103] propose Bunkerbuster, an automated
data-driven bug-hunting and reporting tool. It not only speeds up the reporting
process but also ensures that developers receive comprehensive and accurate infor-
mation.

Additionally, debugging tools like WinDbg 'and GDB 2 for Windows and GNU re-
spectively, can be integrated into the issue-reporting process to capture detailed de-
bugging information automatically, which is then included in the bug report. Plat-
forms like JIRA and GitHub offer issue templates that prompt users to include crit-
ical details, including Expected Result, Logs, and Reproduction Steps [47, 88]. Using
these tools can enhance the quality and detail of the reports, making it easier for
developers to diagnose and fix the issues.

After an issue is reported, localization tools help in identifying the root cause of
the problem. These tools often analyze the reported symptoms, log files, and system
states to narrow down the source of the issue. Crash reporting tools like Google’s
Crashlytics and Sentry automatically capture and report crashes, often pinpointing
the exact line of code where the issue occurred. Static and dynamic analysis tools
such as SonarQube and Valgrind also assist in bug localization by analyzing code to

detect potential issues [54, 66].

2.9 Issue Report Analytical Tools

Bettenburg et al. [9, 8] are the first to study the quality of bug reports. They have

a survey on developers of Eclipse to find the information in bug reports that are

http://www.windbg . org/
2https://sourceware.org/gdb/
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used, which provides helpful information to the development of bug report analyti-
cal tools. Next year, Bettenburg et al. [9] introduced CUEZILLA to measure the quality
of new bug reports and recommend which elements should be added to improve the
quality.

Priority level, which is one of the most important attributes of bug report, should
be assigned manually by the reporter. Tian et al. [93] introduced an automated sys-
tem to assign the priority level based on multiple factors, temporal, textual, author,
related-report, severity, and product.

Besides, Cunhal et al. [19] propose a tool featuring the Vector Space Model for
bug reports” analysis. They leverage information visualization techniques to facil-
itate the data displaying and interaction with developers during the analysis and
identification of bug reports.

Additionally, Song et al. introduce BEE to automatically analyze user-written
bug reports and provide feedback to reporters and developers about their bug re-
ports using linear Support Vector Machines (SVMs)[13, 34, 82].BEE can correctly
detect observed behavior, expected behavior, and the steps to reproduce in the bug
report, and find the missing information [82].

Other than that, there are many other various approaches have been proposed to
classify issues into different types, such as bug reports, feature requests, enhance-
ments, questions, and even the probability of bug resolution using classification
models [37, 102,92, 108]

In summary, the integration of automated tools that capture comprehensive con-
text, combined with advanced NLP techniques and the inclusion of visual aids, sig-
nificantly enhances the quality and effectiveness of issue reports. Our work con-
tributes to this growing body of research by specifically focusing on the automatic

capture of desktop screenshots to support high-quality issue reporting.
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Chapter 3

The Promise of ImageR: An

Illustrative Example

A software development team works on Firefox, a widely used, multi-platform web
browser. John Doe, one of the developers, encounters a frustrating issue while test-
ing the user interface (UI) on a new version of the Firefox browser. The problem
involves a wrong SVG favicon being displayed in the dark mode of Firefox, which
could confuse users and lead to a poor experience. John decides to file a bug report
in Bugzilla. He opens his Chrome browser, navigates to the Bugzilla bug filing page,
and selects “Firefox” as the product (as shown in Figure 3.1a - step a). Next, he fills
in the details: categorizing the issue as a “Defect”, selecting “Theme” as the compo-
nent, and specifying “Firefox 101” as the version. In the Summary field, John types
“svg favicon no longer respects @media (prefers-color-scheme: dark)” and provides
a detailed description of the problem (as shown in Figure 3.1b - step b). John follows
by explaining the problem and pressing the “Submit” button on Bugzilla. ImageR,
as a Chrome extension, analyzes the content and metadata of the bug report prior to
final submission and provides John with a recommendation (as shown in Figure 3.1c

- step ¢). The tool’s feedback is delivered in two parts:

1. Image Necessity: ImageR determines that an image attachment would signif-

icantly enhance this bug report’s clarity, given the Ul issue’s visual nature.

2. Image Type Recommendation: ImageR suggests that John should attach a

screenshot highlighting the Ul misalignment, particularly focusing on the “Code”

12



and “Desired Output” aspects. This recommendation is based on ImageR’s un-
derstanding of similar past reports where visual evidence was crucial for quick

diagnosis and resolution.

Following ImageR’s recommendation, John captures a screenshot of the mis-
aligned buttons on the Firefox Accounts page. He attaches this image to the bug
report and submits it through Bugzilla.

When Tina, another developer on the team, reviews the bug report, she immedi-
ately understands the issue, thanks to the attached screenshot. The visual evidence
eliminates the need for further clarification, allowing Tina to quickly identify the
underlying problem and implement a fix. As a result, the bug is resolved efficiently,
reducing the time from report to resolution and ensuring a smoother user experience
in the next Firefox release.

This is an issue example in reality, issue ID: 1772632 1 which is submitted with-
out any image by a Bugzilla user. Yet, after four posts and two days within the
issues thread and the discussion, another developer, like Tina, asked for screenshots
to help with the reproduction of this issue. After submitting the screenshot, the issue
was understood, resolved, and closed. However, it took six days from the opening
to the closing of the issue, whereas with ImageR, the immediate and automated
process helps with adding images by predicting and prompting recommendations
about their usefulness. Hence, we foresee a faster turnaround time for this issue.

The impact of the ImageR extension tool is also apparent, as evidenced by a com-
parison between issue reports with and without image attachments conforming to
ImageR’s recommended image types (Figure 3.2). Figure 3.2a presents the issue re-
port of the same issue ID: 1772632, containing only plain text, without any image
attachment as it was submitted in reality. In contrast, Figure 3.2b shows the en-
hanced version of this issue report, with an image attachment we envision can be

achieved using ImageR that adheres to the image types recommended.

Thttps://bugzilla.mozilla.org/show_bug.cgi?id=1772632
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Chapter 4
Empirical Design

We answered our research using Bugzilla open-source data and followed multiple

studies designed to enhance the productivity of software developers in a team.

4.1 Gathering and Pre-processing Bugzilla Issues

In the Bugzilla issue tracking system, developers can open issues, which are typ-
ically addressed or followed up by at least one other developer. The issue, along
with the follow-up posts, forms an issue thread. We collected data on issues with
image attachments from Bugzilla between 1994 and 2022, focusing on the twelve
main products of the Mozilla organization. The issues within Bugzilla encompass
various attributes and we gathered and experimented with product, severity, priority,
status, component, operating system, platform, and keywords in our modeling and fea-
ture selection process in RQ1 and RQ2. Furthermore, previous studies have shown
that issues with images tend to have shorter lengths and are more likely to receive
responses in a shorter period [59]. Hence, we also gathered data on the number of
replies in the issue thread and the length of the issue descriptions as part of the issue’s
metadata to address our research question. Table 4.1 lists all the metadata along with
their description 1.

Moreover, we used the issue summaries as a condensed form of information for
our prediction tasks. These summaries are mandatory fields provided by develop-
ers when submitting an issue. They are manually created abstracts of the issues and

are composed in natural language text. Consequently, we conducted standard text

Ihttps://wiki.mozilla.org/BM0/UserGuide/BugFields
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TABLE 4.1: The list of retrieved metadata information from Bugzilla. The fields defined
by the developers at the time of issue submission are labeled as “Developer defined”, and
those attributes defined or changed later by the community engagement in the issue thread
are categorized as “Bugzilla defined”. The other attributes we retrieved and calculated are

defined as “Researchers defined”.

Field Description Source

Type The type of issue, defect, task, or Developer defined
enhancement.

Summary A few wprds length of the problem Developer defined
description.

Description A detailed description of the issue.  Developer defined

Product The‘ software product affected by Developer defined
the issue.

Severity A r‘atmg indicating the impact of Bugzilla defined
the issue.

Priority A rtat‘mg 1nd1.cat1ng the importance Bugzilla defined
of fixing the issue.

Status A statgs indicating the current state Bugzilla defined
of the issues.
The component of the software that .

Component is affected by the issue. Developer defined

Operating System The operating system on which the Developer defined
issue was observed.

Platform The hardware platform on which Bugzilla defined

the issue was observed.

The number of responses to a sub-
mitted issue report (thread length)
The number of characters of the is-
sue description.

The issue report contains image at-
tachment or not.

Number of replies Researcher calculated

Description length Researcher calculated

Contains Image Researcher calculated

pre-processing steps to prepare for our machine-learning tasks. These steps encom-
passed converting all words to lowercase, removing stop words using the default list
from NLTK, and eliminating punctuation, noise, insignificant symbols, and emojis.
Subsequently, we performed text lemmatization to map words to their root forms.
We used these pre-processed summaries to address RQ1 and RQ2.

For our analysis in RQ1 and RQ2, we gathered 34,540 issue reports with image
attachments from Bugzilla. This data was collected using the Bugzilla REST APIL. Due
to the limitations of the API, we first focused on collecting issues with attachments.
Yet, not all these attachments are images. Hence, after gathering issues with attach-
ments, we determined the type of attachment file. Whenever the attachment was in

the format of AVIF, JPEG, PNG, GIF, BMP, TIFF, SVG+XML, or WEBP, we classified it as
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an image. Consequently, we identified 17,270 issues with at least one image. These
were distributed across twelve main Mozilla products, spanning from September 1%,
1994, to July 19", 2022. Then, we sampled an equal number of issue reports without

image attachments from Bugzilla, similarly distributed within these 28 years.

4.2 Labeling Nature of Images attached to each Issue

To answer RQ2, we must label the training dataset as the nature of images. We used
the 10 labels introduced by Nayebi et al. [58] for categorizing the images. These
labels are Code, Run Time Error, Menus and Preference, Program Input, Desired Output,
Program Output, Dialog Box, Steps and Processes, CPU/GPU performance, Algorithm/-
Concept Description.

For this labeling task, similar to many image processing studies [67, 83], we used
Amazon Mechanical Turk (MTurk) 2. MTurk is often used for data annotation in dif-
ferent contexts, including advanced image processing and captioning data sets such
as the highly cited and used IMAGENET dataset [22]. Following this literature, we
structured the task so three different workers labeled each image. In addition, we
specifically invited “professional workers” with a proven background in “IT services

and industry” who had an acceptance rate exceeding 75% on the MTurk platform.

2https://www.mturk. com
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FIGURE 4.3: The chord diagram to show the relationship between 10 candidate labels in the
dataset of RQ2.

We went a step further to control the quality of these labels manually. Afterward,
one of the authors checked the labels received manually and marked any unjustified

labels. We then discussed these with the team and adjusted the labels for any dis-

agreements.
As a result, we labeled 30% of the images we gathered from Bugzilla. As a result,

492 distinct workers labeled 6,235 images in a way that three workers labeled each

image and we adjusted 11.1% (695) of the image labels by discussing and voting

within the research team.
As a result, each image has a vector of labels where for Img(i) € Images with

a fixed set of 10 labels, denoted as Labels. The set involves the introduced set of 10
labels introduced above, Labels =< Ibly, Ibl,, ..., Ibl1y >, which are binary vectors to

show if the label exist or not. These labels are assigned by MTurk workers, denoted

as w:
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3
0 < Y Votesy(Img;, Ibl;) <3 (4.1)

w=1

We represent each image with its labels in our Machine Learning models for RQ2
as a vector of 10 items, where each item can have a value greater than or equal to
zero and less than four (each image can be categorized and labeled with as zero, one,
two, or three category types). Figure 4.1 demonstrates an example task for a worker
on Mturk, while Figure 4.2 provides an overview of the distribution of the 10 labels
that were assigned by workers to our set of 6,234 images.

Figure 4.3 shows a chord diagram presenting a visual representation of the in-
terconnected components, highlighting the interactive relationships and dependen-
cies among them. Central to this system are the segments for Code and Steps and
Processes, which have more extensive connections, indicating their pivotal roles in
the system’s operation. Algorithm/Concept Descriptionand CPU/GPU Performance
show relatively significant interactions. The Desired Output and Program Output
segments are linked to various components. Dialog Box, Menus and Preferences
and Program Input represent the user interface and interaction components, which
are integral for user engagement and input processing. The Run Time Error seg-
ment, while not central, is also connected to other components. Overall, the chord
diagram illustrates interactions where each component plays a distinct role in the

overall functionality and user experience.

20



Chapter 5

Methodology

We discuss the empirical methodology of our case study design on Mozilla in what

follows.

5.1 Predicting Whether an Issue Should Include an Image
(RQ1)

In RQ1, we aim to predict whether a given issue should include an image attach-
ment. This task involves binary classification, where the prediction outcome indi-
cates whether adding images to an issue would improve developers” communica-
tion based on historical data from Bugzilla. We used issue summaries and metadata
for this classification, as detailed in Table 4.1. As this is the first study in this context,
we conducted a benchmark using multiple techniques to assess the performance of
various methods in determining whether an image should accompany an issue. An
overview of the methodology and benchmark is illustrated in Figure 5.1. To answer

RQ1, we implemented three models:

1. Metadata-based Classification: We hypothesized that factors such as severity, pri-
ority, component, status, platform, and product type might influence the need
for an image attachment. Hence, benchmarking classifiers for driving analogy

based on issues’ metadata.

2. BugzillaBERT: We hypothesized that the nature of the images described in the
issue text could provide reasoning clues. Therefore, we trained classifiers us-

ing the text summaries of issue reports.
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FIGURE 5.1: The step taken to answer RQ1 and determine whether an issue report should
have images.

3. Ensemble classification: We used ensemble methods to get the most confident

prediction and benefit from the best of the above models.

In the following, we discuss each of these models in sequence.

Metadata-based Classification

We used the metadata information listed in Table 4.1 (overall 11 attributes except
for issue summary) to train our models and predict whether an image attachment
is needed for an issue report. The dataset comprised all the Bugzilla issues with
image attachments, each with 11 features (metadata information except the issue
summary) as presented in Table 4.1. First, we standardized the features using a
standard scaler to scale them to unit variance. This pre-processing step ensured
that all features contributed equally to the analysis. To optimize the attributes of
Bugzilla issues, we performed feature selection using permutation on the XGBoost
classifier [14]. Permutation feature importance in XGBoost measures the significance
of each feature in a predictive model by calculating the reduction in the model’s
performance when the feature’s values are randomly shuffled. We also verified that
the dataset is linearly separable by scree plot diagram analysis in Figure 5.5.

We also applied Principal Component Analysis (PCA) for possible dimensional-
ity reduction. PCA is commonly used to reduce the dimensionality of datasets with

redundant features into a smaller set of features that captures most of the variance
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in the original data [42]. We used Python’s scikit-learn ! for the PCA implementa-
tion. The number of principal components is determined by the explained variance
criterion. We found the optimal number of principal components is 11 using the
Elbow method, as scree plot diagram 5.5 shows.

We benchmarked with four different classifiers, namely Random Forest (RF), XG-
Boost (XGB), Gaussian Naive Bayes (GNB), and Support Vector Machine (SVM) for
this task. We performed hyperparameter tuning with, babysitting, random search,
and grid search methods during training to ensure optimal performance. The per-
formance of BERT model is highly dependent on hyperparameter tuning, and it is
important to carefully select an appropriate hyperparameter tuning method to en-
sure optimal performance of the BERT model in specific tasks. Various techniques
have been proposed for hyperparameter tuning, including the babysitting method,
grid search, random search, Bayesian optimization, and population-based tuning
[35, 104].

In our study, the main parameters include Learning rate (LR), Maximum Se-
quence Length (MSL), Epoch, Batch size, and Dropout rate. We performed bench-
marking with different setups to determine the best hyperparameter setup. The
tuning results are shown.

Finally, we evaluated the performance of classifiers by cross-validation and re-

ported our results in terms of F1-score and accuracy.

BugzillaBERT model

We also implemented the BERT language model for text classification using the text
summary of each issue report. BERT employs deep learning techniques to under-
stand the contextual relationships between words. Initially pre-trained on a large
corpus of text data using Masked Language Modeling (MLM), we used the pre-
trained uncased BERT model, BERT-base-uncased 2, released by Huggingface [24],
and fine-tuned it for our binary classification task. This model was originally trained
using Wikipedia and BookCorpus data. We implemented BugzillaBERT by fine-tuning

the pre-trained base model, BERT-base-uncased with our dataset, for our specific

Ihttps://scikit-learn.org/stable/
Zhttps://huggingface.co/bert-base-uncased
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Bugzilla issues task. This dataset comprised 34,540 issue summaries, as discussed
in Chapter 4, which were pre-processed to remove special characters, emojis, URLs,
and punctuation. We then tokenized the text and prepared the input in the format
required by the BERT-base-uncased model.

The model was trained using the AdamW optimizer to prevent overfitting and a
learning rate scheduler. We employed babysitting and random search for hyperpa-
rameter tuning [33]. Babysitting involves closely monitoring the training process,
including the loss and accuracy metrics, to make real-time adjustments to hyper-
parameters and training strategies. This method enables early detection of issues
such as overfitting or underfitting. The key hyperparameters that significantly in-
fluence the model’s performance include Learning Rate (LR), Maximum Sequence
Length (MSL), epochs, and batch size. The detailed specifications of BERT model
training will be provided in Chapter 6. The goal of hyperparameter tuning was
to identify the optimal combination of these parameters to maximize the Fl-score
while minimizing the average loss. Our training was based on the BERT-base-uncased
model downloaded from the google-bert repository on Huggingface, and we used
scikit-learn for evaluation metrics, including accuracy and F1-score.

The model was trained on GOOGLE COLAB platform, by a NVIDIA Tesla P100-
PCle-16GB GPU card.

Ensemble learning models

To enhance the accuracy and confidence of our predictions, we employed an ensem-
ble learning approach that combines the strengths of two models: the Metadata-based
Classifier and BugzillaBERT. This combination is achieved using voting mechanisms
[75]. Specifically, we implemented and experimented with three different voting

strategies [27]:

* Random voting: If the classifiers disagree on whether an issue should include an

image, the ensemble model randomly selects "Yes” or ‘No’ by flipping a coin.

* Negative voting: In the case of disagreement, this strategy suggests that an im-
age is unnecessary (selecting "No’ to the RQ1 question, indicating that no im-

age is required for the issue).
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FIGURE 5.2: The flowchart of RQ2 to determine what type of image should be attached to
an issue report.

» Weighted voting: When the classifiers disagree, this approach calculates the con-

tidence for each classifier and votes for the one with higher confidence:

Confidence = A| ((P(imageneeded)’ P (Image(not needed)) | (51)

We compare these strategies when reporting our results.

5.2 What Should a Recommended Image Communicate? (RQ2)

As the result of RQ1, the developer gets a recommendation on whether adding an
image to their issue description would help them better communicate the issue re-
port. RQ2 focuses on providing further suggestions of what should be included in
the image. This task involved conducting a multi-label classification since an issue
report could simultaneously be associated with multiple possible image types. We
postulate that the issue’s metadata, including factors like priority and severity, might
not be relevant when deciding the image’s type or content. Furthermore, we present
the results of testing this hypothesis in Chapter 7.

We used the taxonomy provided by Nayebi and Adams [59] for identifying the
type of image that can benefit the issues report. We used supervised learning using
the data we labeled through crowdsourcing with MTurk workers (see Figure 4.2).
Figure 5.2 demonstrates our methodology for RQ2.

We processed the text summaries through a standard pipeline, which included
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lemmatization using the NLTK library?, as well as the removal of special characters
and punctuation. Subsequently, we applied TF-IDF vectorization to tokenize the
text. The data transformation phase involved creating a multidimensional matrix
that linked the text with a vector of labels, denoted as labels =< [bly, b, ..., Il >,
for each image. This matrix was then formatted to suit multi-label classification.

There are several strategies available to perform multi-label classification. One
common approach is problem transformation, where the problem is treated as a set
of single-label classification tasks [94]. Specifically, we used the problem transfor-
mation method, employing the binary relevance approach to address the multi-label
classification task. This method involved training a binary classifier for each label
using the Gaussian Naive Bayes algorithm. To mitigate class imbalance and the
consequent overfitting problem, we implemented data augmentation techniques to
balance the training data for each label [57].

As a result of this process, the classifier generates eleven predictions for each
issue. For a given issue report, each of these predictions indicates whether a par-
ticular image type is relevant or irrelevant. Each of these predictions can fall into
one of four categories: True Positive (TP), True Negative (TN), False Positive (FP),
or False Negative (FN) when compared to our manually labeled image dataset. To
evaluate the model, we calculated the counts of TP, TN, FP, and FN, and we reported

the results.

5.3 Qualitative Evaluation of Developers’ Perceived Value of

Recommendations (RQ3)

We employed cross-validation using Bugzilla historical data to assess our methods
in RQ1 and RQ2. Additionally, we qualitatively investigated the usefulness and de-
sirability of our method and recommendations by surveying software developers in
RQ3. We asked software developers to what extent they found our recommenda-
tions for the inclusion of images and their types helpful in their communication re-
garding software and code issues. We collected information on the participants and

their demographics, asked them to use ImageR, and solicited their feedback about

Shttps://www.nltk.org/
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(1) Enter a clear unique summary with detailed description to reproduce the issue

(2) Select all the fields appropriately to report a bug
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FIGURE 5.3: A view of the developers’ task in the survey for evaluating recommendation in
RQ3.

Questions Scale
Q1. How many years of your experience in Software En-
gineering and Development

Q2. How frequently do you share images in your daily life
Q3. How frequently do you share images related to soft-

ware development

Years
1 (never) - 5 (always)

1 (never) - 5 (always)

1 (no image is

Q4. To what extent did you find the recommended images needed) - 5 (precise

for the bug report accurate?

Q5. Having all the recommendations, how do you evalu-
ate the overall quality of the recommendations?

Q6. How useful were the recommendations on whether to
attach an image or not?

Q7. Overall, how useful were the recommendations on
the types of images to amend in your practice?

and useful)
1 (less useful) - 5

(highly useful)
1 (less useful) - 5
(highly useful)
1 (less useful) - 5
(highly useful)

TABLE 5.1: Survey questions used for evaluating ImageR with software developers in RQ3.

the design and the recommendations of our approach and tool. Table 5.1 shows
these questions.

We recruited 12 developers to participate in our study. We assigned each de-
veloper 15 issue reports along with our predictions for RQ1 and RQ2 and pre-
sented each issue report to a developer. After they finished reading the report, we
showed them the image recommendations generated by our method. Subsequently,
we asked the developer about the issue report:

Figure 5.3 illustrates an example of a recommendation result shown to the de-

velopers for this evaluation task. These recommendations are for an issue report
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FIGURE 5.5: A scree plot of metadata attributes for feature selection. The x-axis represents
the component or factor number, ordered from the most important to the least important.

with the following summary description: “Unable to log into Bugzilla with auto-fill
saved long credentials from Google Chrome browser.” Our model predicted that
this issue would benefit from the inclusion of an image (RQ1), and that the image
should contain screenshots of the code and the Desired outcome. In RQ3, participants
are asked to evaluate the precision and usefulness of these two recommendations,
specifically for the Code and Desired Output. On average, each developer spent 5.2
minutes evaluating each issue report and its recommendations.

Each issue report was independently evaluated by two developers. Consequently,
with 12 participants evaluating 15 issues each, we conducted a total of 90 issue eval-
uations for RQ3. We recruited participants using convenience sampling [39] and by

advertising the survey on our LinkedIn network.
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Chapter 6

Results

In what follows, we discuss the results of research questions sequentially.

6.1 Predicting Whether an Issue Should Include an Image
(RQ1)

In this chapter, we present the evaluation results for all three classifiers (Section 5.1),

predicting whether an issue report should include an image or not.

6.1.1 Metadata-based classification

To address RQ1 using metadata-based classification, we conducted feature selection
to assess and optimize the attributes of Bugzilla issues used for training. For each
Bugzilla issue report, we collected 11 metadata attributes (all attributes in Table 4.1
except the text summary). These attributes included Status, Type, Product, Component,
Keywords, Operating System, Platform, Priority, Severity, Length of Description, and the
Number of Replies. We also explored the potential for dimensionality reduction using

Principal Component Analysis (PCA).

Results of feature selection: We initially calculated pairwise correlations between

these 11 metadata attributes. Among them, the Operating System and Platform exhib-
ited the strongest correlation, with a coefficient of 0.56. We systematically excluded
one of these features at a time to assess the classification model. However, remov-

ing either the Platform or Operating System feature did not improve performance. All
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TABLE 6.1: The performance metadata-based classification in RQ1.

Classifier Precision Recall Fl-score
SvC 0.57 0.62 0.62
Random Forest 0.67 0.74 0.74
Gaussian Naive Bayes 0.56 0.61 0.58
XGB 0.67 0.74 0.74

other correlations fell within the range of [—0.2, 0.2], indicating a very weak relation-
ship.

Furthermore, we used mean accuracy decrease to interpret the XGBoost classifier.
Figure 5.4 displays the mean accuracy decrease for all features. This diagram illus-
trates the mean decrease in accuracy when each feature is randomly shuffled. It
measures the resulting decrease in the model’s performance [38]. Higher values of
mean accuracy decrease indicate greater feature importance. According to Figure
5.4, Product and Component emerge as the most important features. However, it is
worth noting that the differences in importance values, which fall into the range of
[0.00 to 0.05], are relatively small, which is consistent with the low correlations we
observed earlier.

Since our initial results were inconclusive, we performed a Scree test further to
interpret the outcomes of the PCA dimension reduction approach. Figure 5.5 dis-
plays the scree plot from our PCA analysis, illustrating the relationship between the
number of components and the proportion of variance explained by each compo-
nent. This plot is instrumental in identifying the amount of variance accounted for
by each component or factor. Typically, the scree plot is used to determine the op-
timal number of components by identifying an “elbow” which indicates the most
significant components or features. However, as shown in Figure 5.5, our plot was
anomalous, and no distinct elbow could be identified. Consequently, we did not
achieve a meaningful reduction in dimensionality using PCA. Despite this, we pro-
ceeded with our analysis by training the metadata-based classifiers using all avail-

able components.

Prediction results using metadata: To determine the best-performing model for

our task in RQ1, we conducted experiments using four baseline classifiers: Support
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Vector Classifier (SVC), Random Forest (RF), Gaussian Naive Bayes (GNB), and eX-
treme Gradient Boosting (XGBoost), The dataset used comprised of 34,540 issues
discussed in Section 4.1 and we applied several pre-processing steps as discussed
in Section 4.1. We performed hyperparameter tuning with babysitting [52] (man-
ually testing a few combinations) to find the optimal parameters of these machine
learning models. Based on our analysis, we selected the following hyperparameter
configurations for training and evaluating our models: For Support Vector Classi-
fier (SVC), we used the radial basis function (RBF) kernel, with the kernel coefficient
set to ‘scale” and class weights adjusted to ‘balanced.” For Random Forest (RF), we
chose 100 as the number of estimators with ‘balanced” class weights. For Gaussian
Naive Bayes (GNB), we also applied ‘balanced’ class weights. Finally, for XGBoost
(XGB), we set "scale_pos_weight’ to 1. All other hyperparameters were left at their

default values.
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FIGURE 6.1: The ROC curve results of metadata classification models in RQ1.

The performance of the metadata classification models is presented in Figure 6.1
as a Receiver Operating Characteristic (ROC) curve visualization. The ROC curve
plots the True Positive Rate (TPR) against the False Positive Rate (FPR) at various
classification thresholds for our binary classification task in RQ1. We employed ROC
analysis to assess the classifiers” performance in addition to the classical measures.
The ROC visualization demonstrates that both the Random Forest and XGBoost al-

gorithms (almost equally) outperform the other two classifiers in classifying issues
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based on metadata features. The precision, recall, and F-core performance measures

for these classifiers are shown in Table 6.1.

The Random Forest and XGBoost models trained on Bugzilla issue reports demonstrates
superior performance in determining whether an issue report benefits from image attach-

ments, excelling in both precision and recall.

6.1.2 BERTpRyg;i11a model

We utilized the BERT-base-uncased model and fine-tuned it with a linear classifier
trained on Bugzilla issue reports for the classification task of RQ1. The text of each
issue report underwent preprocessing, including tokenization and cleaning as de-

scribed in Sec 4.1, to prepare it for training.

Tuning results: We conducted experiments with various hyperparameters to achieve

optimal performance of the BERT model [24] with babysitting [52] and grid search
method [7]. Specifically, we experimented with two, three, and four epochs. For
batch size, we tested 16 and 32, observing that larger batch sizes resulted in faster
training times, while smaller sizes allowed for better generalization by capturing
more nuanced patterns. We also evaluated maximum sequence lengths of 128, 256,
and 512. Our experiments revealed that a learning rate of 5.00E — 05 consistently
performed well across all epochs and batch sizes. Notably, a batch size of 64 gen-
erally outperformed the smaller sizes, while the optimal number of epochs was de-
pendent on the combination of learning rate and batch size. The results of these
tuning processes are summarized in Table 6.2. Based on this analysis, we selected
the following hyperparameter combination for training and evaluating our models:
batch size of 64, learning rate of 5e-05, and 4 epochs. Figure 6.3 presents the average

loss and F1-score of BugzillaBERT with four epochs and a batch size of 64.

Prediction results using BugzillaBERT: Figure 6.2 illustrates the training progress

of our BERT language model by displaying its loss function curve during the train-
ing process. The chart demonstrates the validity of our BERT model and its training,
including the convergence of the model, without overfitting or underfitting.

This evaluation results of BugzillaBERT are consistent with the findings in Fig-

ure 6.2. The BugzillaBERT model achieved an average F1-score of 0.76, and achieved
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Epoch | Batch Size | Avgloss | F1 Epoch | Batch Size | Avgloss | F1
2 64 0.391 0.774 2 64 0.437 0.765
3 64 0.248 0.761 3 64 0.380 0.767
4 16 0.632 0.635 4 16 0.232 0.759
2 16 0.639 0.619 2 16 0.411 0.767
(a) Learning Rate: le-4 (b) Learning Rate: 2e-5

Epoch Batch| Avg | F1 Epoch Batch| Avg | F1 Epoch Batch| Avg | F1
Size | loss Size | loss Size | loss

64 0.420| 0.776 64 0.400| 0.780 64 0.575| 0.718

64 0.342| 0.771 64 0.303| 0.767 64 0.553| 0.719

N WIN

2

3
16 0.188] 0.760 16 0.175| 0.758|| 4 16 0.504| 0.746
64 0.402| 0.774 16 0.394| 0.778|| 2 16 0.411| 0.767

32 0.258| 0.772
64 0.156] 0.760 (e) Learning Rate: 1e-6

B QN | WD

(c) Learning Rate: 3e-5

(d) Learning Rate: 5e-5

TABLE 6.2: BERT Hyperparameter tuning results with a combination of learning rate (LR),
epoch, and batch size tuning for textual classification model in RQ1.

an average Fl-score of 0.77 when the training data. We found that the classifier
achieves an average precision of 0.77 in terms of precision across all epochs and
folds. Moreover, the BugzillaBERT model demonstrated a respectable average recall
of approximately 0.74. In terms of F-score, the model achieved an average accuracy
of approximately 0.77, which reflects the overall correctness of the model’s predic-
tions, indicating that it consistently made accurate classifications across the different

folds and epochs.

The BugzillaBERT model achieves a fair F1-score of 0.77 when predicting whether an issue

report should be accompanied by an image or not using the issue summary.

6.1.3 Ensemble learning models

To integrate the results of our metadata-based classifier with BugzillaBERT, we de-
veloped ensemble learning methods utilizing different voting strategies. We experi-
mented with three approaches: random selection (flipping a coin to decide), negative
voting (opting for 'No” when in doubt), and weighted voting (relying on the more
confident classifier). The rationale behind these strategies is discussed in Section 5.1.

Table 6.3 presents the results of combining the best-performing model from RQ1
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FIGURE 6.2: The average loss curve of BugzillaBERT against training epoch in RQ2

(Random Forest) with our BugzillaBERT for each voting strategy. Among the three
strategies tested, the weighted voting method, which applies Equation 5.1 to assign
confidence scores to each classifier’s output, achieved the highest accuracy of 0.76.

Equation 5.1 is the equation to calculate the confidence level, which is the prob-
ability! difference between positive and negative predictions. This compares favor-
ably to 0.74 for random voting and 0.73 for negative voting. The weighted vot-
ing method’s superior performance can be attributed to its ability to leverage the
strengths of each classifier by assigning more weight to the predictions of the more
confident model. Equation 5.15.1 if it has not been explained previously, which
calculates the confidence level of each classifier, was crucial in optimizing this ap-
proach.

We evaluated each strategy using precision, recall, and Fl-score, finding that
weighted voting consistently outperformed the others across all metrics. The find-
ings suggest that the weighted voting method effectively harnesses the comple-
mentary strengths of the Random Forest and BugzillaBERT models, resulting in im-
proved predictive performance. Future work could explore refining confidence cal-

culations or incorporating additional models to enhance ensemble accuracy further.

Ihttps://scikit-learn.org/stable/modules/generated/sklearn. ensemble.
RandomForestClassifier.html
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FIGURE 6.3: Feature importance using permutation with different learning rates on BERT in
RO1.

TABLE 6.3: The performance of ensemble learning of BugzillaBERT and Random Forest Clas-
sification model using three voting strategies in response to RQ1.

Ensemble voting strategy Precision Recall F1-score

Random selection 0.50 0.50 0.50
Negative voting 0.69 0.76 0.76
Weighted voting 0.66 0.78 0.74

The ensemble learning model, combining the negative voting strategy with BugzillaBERT,
shows promising results in predicting whether image attachments can facilitate commu-

nication in a given issue report. The model achieves an F1-score of 78.7%, indicating its

effectiveness in assisting developers in improving communications within bug reports.

6.2 What Type of Images Should a Developer Add? (RQ2)

For RQ2, we addressed a multilabel classification problem based on the issue’s text
summary to derive our conclusions. We utilized binary relevance from scikit-learn
for problem transformation, enabling us to train multiple classifiers independently
and optimize performance for each label. This approach allowed us to handle im-
balanced classes for each label separately, addressing challenges such as skewed
distributions.

The dataset is comprised of labeling data of 6,235 images by 492 distinct workers
collected from Mturk, as mentioned in 4.2.

As discussed in Section 4.1 our preprocessing process includes converting all
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FIGURE 6.4: The distribution of the correctly predicted labels per image in RQ2

words to lowercase, removing stop words using the default list from NLTK, elimi-
nating punctuation, noise, insignificant symbols, and emojis, and then text lemmati-
zation to map words to their root forms.

For each issue, we needed to make ten predictions, each corresponding to one
of ten image types. Each image has ten labels to predict, and the number of cor-
rectly predicted labels for each image can range from zero to ten. We employed
classification models e.g., Random Forest, SVC as introduced in Section 5.1, with
hyperparameters tuned using baby-sitting method and grid search method. Eval-
uation metrics included precision, recall, and Fl-score to provide a comprehensive
assessment of performance.

Figure 6.5 shows the percentage of correct and wrong predictions for each la-
bel as the result of our cross-validation. We observed that the classifier performed
better in identifying the image types of Algorithms/Concepts, which generally have
distinct characteristics from the others in the text of the questions, followed by dis-
tinguishing CPU/GPU performance images, which also have distinct and often partic-
ular Windows views. However, our model struggled to differentiate between menus
and dialog boxes using the text issue summaries provided in the issue reports.

Figure 6.4 displays the distribution of correctly predicted labels per image in our
model. Our model correctly predicts five or more labels for 82.1% of cases and more
than five labels for 66.9% of the images. On average, the model correctly predicts

6.23 labels per image, indicating its high accuracy in recognizing multiple attributes
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FIGURE 6.5: The prediction distribution of image types for RQ2

in an image.

Figure 6.5 shows the percentage of True Positive (TP), True Negative (TN), False
Positive (FP), and False Negative (FN) predictions among all predictions for the ten
labels used in RQ2. TP represents correctly identified labels, TN indicates correctly
rejected labels, FP refers to incorrect identifications, and FN refers to missed labels.
From the diagram, we observe that for nine out of the 10 possible labels, our model
correctly predicts labels (both TP and TN) more than 60% of the time. Among
these image labels, the model’s performance on Algorithm/Concept Description and
CPU/GPU Performance is notably better, achieving an average accuracy of 68.99%
and 77.29% respectively. These results demonstrate the model’s effectiveness in ac-
curately identifying key attributes, particularly those with distinct characteristics.

The significance of these findings lies in the model’s ability to aid in automated
image classification, potentially improving efficiency in tasks such as bug tracking
and report generation. Our results form a baseline model as the first study in this

direction.
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A Gaussian Naive Bayes classifier trained on the text of issue summaries can predict the
type of image to complement an issue report, achieving correct predictions for the majority
of labels (i.e., more than five labels) in 66.9% of the cases. This performance highlights the
classifier’s capability to effectively identify relevant image types based on textual descrip-

tions, suggesting its potential utility in automating the process of enhancing issue reports

with appropriate visual content.

6.3 What is the developers’ perception of the value of image

recommendations for issue reports? (RQ3)

We conducted a qualitative analysis with 12 developers to evaluate the effective-
ness of our recommendations for 90 issue reports (Section 5.3). The developers were
asked to review the recommended image type for each issue and provide feedback
on whether the recommendation was appropriate. Each participant reviewed the
recommendations for 15 issue reports. In this way, each issue report and its associ-
ated recommendations derived from the predictions in RQ1 and RQ2 were evalu-
ated by two independent developers.

Among the 12 participants, six had one to three years of experience in software
development, while the others had more than three. Nine of them stated that they
very frequently (= 5) communicate through sharing images in their day-to-day life.
This is while ten participants stated that they sometimes or more often (>= 3) post
images related to their development tasks. Figure 6.6 - (a) and Figure 6.6 - (b) sum-
marize the demographic information of our survey participants.

We presented issue reports along with our recommendations regarding whether
an image should be attached and, if so, what type (both RQ1 and RQ2). Participants
rated each recommendation using a five-point Likert scale. After evaluating all 15
issue reports assigned to them, participants completed a survey about the value of
images and the image recommendations they received across the reports. These
results are shown in Figure 6.6 - (c) and Figure 6.6 - (d).

Our survey participants found the recommendations generated by our method
to be highly useful (31.2%) or very useful (27.7%) in 58.8% of the cases. In these cases,

both developers evaluating the same issue report considered the recommendations
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useful. Additionally, 34.5% of the developers found at least one of the recommen-
dations to be highly useful. Conversely, only 6.7% of the recommendations were
perceived as less useful by the developers.

Even among the 6.7% perceived as less useful, both developers reached a con-
sensus on the lack of usefulness in only 3.4% of the cases. Furthermore, when asked
about the overall perceived value of the recommendations in practice, 75% of the
participants rated them as useful or highly useful. Only three participants consid-
ered the overall recommendations to be relatively useful (rating them as three on our
Likert scale). We could not identify any specific factors related to their experience,
such as their level of experience or tendencies in sharing images, that influenced

their ratings.

75% of the developers found our method’s overall design and recommendations to be prac-
tically useful. Additionally, 93.3% of the recommendations were deemed highly useful by

at least one developer.

The feedback from the developers also provided valuable insights into areas
where the model could be improved, such as the need to consider additional fac-

tors beyond the issue summary when making recommendations.

“I think the model better consider more project-specific context and the team’s usual

practice, and developer personal preferences to make the recommendations more spot-on.”

B RQ1 evaluation results

® 1-3years ® 3-5years W Daily life [l Development Tasks [l RQ2 evaluation results

5-10 years more than 10
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FIGURE 6.6: (a) Years of experience in software development and the frequency of sharing

images in daily life and (b) software development tasks from our survey participants. (c)

Perceived need for and the type of image predictions for each of the 90 issues, and (d) the
overall perceived usefulness of the 15 recommendations provided to the developer.
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Furthermore, the qualitative analysis indicates that the recommendations are
generally useful to the developers, as the majority of them found the recommen-
dations helpful and relevant to their work. Some envision further usage of these

results:

“These [recommendations] could be useful for our team not only in our task management
(Jira) but also in our Slack ... I can imagine this would reduce our back-and-force

questions.”
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Chapter 7

Discussion

We performed comprehensive experiments to discuss different possibilities and de-

sign choices for RQ1 and RQ2.

7.1 The Impact of Issue Status on RQ1 Predictions

We observed that the majority of the images were posted on Bugzilla within the dis-
cussion thread rather than in the initial issue report. Additionally, based on a liter-
ature survey involving discussions on Stack Overflow and Bugzilla, we found that in
87.8% of the surveyed posts, the inclusion of an additional image provided valuable
information. Building on these observations, we formulated a hypothesis that if a
developer chose to attach an image during a conversation, it was likely a correct de-
cision, as it often added value. However, it is important to note that not all issues on
Bugzilla, whether with or without images, are necessarily resolved.

Moreover, the status of an issue might affect the validity of the recommenda-
tions we provided in RQ1. We hypothesize that if an issue with an attached image
remains unsolved, it suggests that adding images is of limited usefulness. We di-
vided the dataset into subsets based on issue status to test this hypothesis and reran
the evaluations. This allowed us to assess how the issues’ status impacts the clas-
sification models” performance. Unsolved dataset contained issue reports in one of
the statuses New, Unconfirmed, Reopened, or Assigned as defined on Bugzilla'. We also
created the Resolved dataset containing the reports with the status Resolved, Verified,

or Closed.

Ihttps://wiki.documentfoundation.org/QA/Bugzilla/Fields/Status
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TABLE 7.1: The Fl-score of metadata and textual classification models on Unsolved, Solved,

and All datasets
Data Classifier Unsolved Solved All
SvC 0.57 0.62 0.61
Random Forest 0.71 0.76 0.74
Metadata Naive Bayes 0.6 053 058
XGB 0.71 0.75 0.74
BugzillaBERT BERT 0.73 0.77 0.76

The results presented in Table 7.1 show a clear trend in the performance of the
classification models across the different datasets. Specifically, we observed a con-
sistent but trivial increase in the mean F1-score for the three machine learning clas-
sification models (RF, SVM, XGB) trained on the unsolved, resolved, and all datasets.
However, when comparing prediction performance across these subsets, the differ-
ence is minimal (~ 2%). Therefore, we consider the impact of issue report status to

be negligible in this scenario.

7.2 Using Simple Text Classification Techniques Instead of
BERT (RQ1)

Before developing BugzillaBERT, we experimented with four traditional, non-transformer-
based text classification techniques: Random Forest, XGB, Gaussian Naive Bayes,

and SVM. We used TF-IDF for text representation and evaluated the performance

of these models. Table 7.2 presents the results for issues with different statuses: Re-
solved, Unresolved, and All.

While we anticipated better results with BugzillaBERT through extensive train-
ing and tuning, it only achieved a slightly improved F-score of 0.77. In comparison,
a simpler Stochastic Gradient Descent (SGD) 2 model achieved an F-score of 0.73.
Thus, in scenarios where computational resources are limited, or explainability is re-
quired, the SGD model might also be a viable choice for RQ1. Overall, while Bugzill-
aBERT offers superior performance in terms of F-score, the advantages of using SGD
make it a valuable choice when considering the trade-offs between complexity, re-

source availability, and the need for model interpretability.

2https://scikit-learn.org/stable/modules/sgd.html

42


https://scikit-learn.org/stable/modules/sgd.html

TABLE 7.2: The Fl-score of simple text classifiers for RQ1

Model Unsolved Solved All
TF-IDF + SGD 0.71 0.73 0.75
TF-IDF + RF 0.70 0.71 0.73
TF-IDF + MultinomialNB 0.69 0.71 0.73
BERT 0.74 0.77 0.76

7.3 Voting Strategies (RQ1)

We conducted experiments with three different voting strategies to implement our
ensemble learning model in RQ1. The best performance result after comparing the
three voting strategies with ensembling BugzillaBERT and Random Forest is shown
in Table 6.3. The other results of the three voting strategies with other metadata
classification models and text classification models are also listed in Table 7.3.

According to this comparison result, we identified the negative voting strategy
as the best for creating an ensemble method of metadata-based Random Forest clas-
sifier and BugzillaBERT. The weighted voting method only performed slightly better
than the standalone classifiers.

TABLE 7.3: The Fl-score performance ensemble learning models of text and metadata. These
results should be compared with the performance of metadata classification models in Table
7.1, and text classification models in 7.2.

F1-score metadata:RF, metadata:XGB, metadata:GNB, | metadata:SVM,
text: TF-IDF&RF | text: TFIDF&RF | text:TFIDF&RF | text:TFIDF&RF
RandomSelection Ensemble 0.70 0.72 0.56 0.59
Negative Voting Ensemble 0.71 0.69 0.74 0.69
Weighted Ensemble 0.75 0.75 0.61 0.73

7.4 Using Issue Reports’ Metadata for Predicting Image Type
(RQ2)

In response to RQ2, we presented the results of utilizing the issue’s text summary for
predicting image types (see Section 6.2). To tackle this multi-label classification chal-
lenge, we applied a binary relevance transformation. We trained a Random Forest
model to assess the feasibility of predicting issue types based on metadata. Similar to
our approach in RQ1, we also conducted experiments using the issue’s metadata for
this task. We employed feature selection and explored various subsets of metadata

attributes to address RQ2. However, neither the feature selection process nor the
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model performance comparison showed significant or insignificant features. Conse-
quently, we used all features for the training of classification models, consistent with
the features used in RQ1.

We achieved an F1-score of 52.4%, which was relatively low. Consequently, we

shifted our focus to prediction based on issue summaries, as discussed in Section

6.2.
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Chapter 8

Threats to Validity

There are multiple possibilities for the threats to the validity of this thesis. We fol-
low the established software engineering guidelines for discussing each in this sec-

tion [100].

8.1 Construct Validity

Threats to construct validity relate to the potential bias of our survey in RQ3. The
survey was conducted with 12 participants with various software development ex-
perience. However, the results could still be biased and cannot be generalized to
other audiences. Further evaluations of more participants with various backgrounds
are needed to consolidate the evaluation while we consider the number comparable
with similar studies in the field [79].

In RQ1, while we carefully selected relevant features by feature selection ap-
proaches and tested multiple techniques, it is possible that other features could have
improved the model’s performance. Similarly, the hyperparameters tuning process
could introduce bias to the model training. Although a systematic approach was
leveraged to find the relatively optimal hyperparameters, it is possible that other

hyperparameters could have resulted in better performance.

8.2 Internal Validity

Threats to internal validity relate to evaluation metrics selection, which can also af-

fect the model’s performance. Although we used Fl-score and ROC curve analysis
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in our study, other metrics, such as precision and recall, may lead to different con-

clusions.

8.3 External Validity

Threats to external validity relate to the training data, which are historical issue re-
ports. The quality of the dataset can impact the performance of the machine learning
models. As our dataset consisted of twelve main products” issue reports extracted
from Bugzilla, it might not fully represent all issue-tracking systems or software
development projects. The data may be biased toward certain types of issues or
projects, limiting our findings” generalizability. We mitigated this risk using balanc-
ing methods.

Finally, the status of the chosen issue reports used in the training dataset poses
some threats to validity. We categorized issues according to their Bugzilla status into
either resolved or unresolved datasets. In RQ1, for both machine learning and deep
learning classification models, those who trained with resolved generally achieve
higher performance compared with those trained with unresolved. At the same time,
the performance of the models trained with total training data, stands in the middle
place between the two groups. However, we consider this a rather trivial risk as the
difference between the performance of the best classifier on each dataset was only
0.3 in the F1-Score (See Table 7.2). While selection bias and data quality can limit
generalizability, the identification of relevant features and optimal hyperparameters

guided future practical applications in our study on Bugzilla.
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Chapter 9

Application Development

There are multiple types of tools to help with issue reports, including issue local-
ization tools, duplicate detection tools, issue summarization tools, issue report auto-
generation tools, and Issue Report Analytical Tools. For details in terms of related

tools, please see Section 2.5.

9.1 Implementation

We use Python 3.8 [76] for implementing the preprocessing step as well as for the
high-level scripting of the alternative solutions shown in Figure 3. The NLP pipeline
and language-feature extraction is implemented using SpaCy 3.0.5 [32], NLTK 3.5
[49]. The SpanBERT-based solutions use the Transformers 4.6.1 library [101] pro-
vided by Hugging Face Land operated in PyTorch [68]. For the ML-based solutions,
we use Scikit-learn 0.24.1 [69]. We use the Transformers library to extract embed-
dings. BERT’s embeddings are extracted from the BERT-BASE-CASED model. The
solutions and implementations proposed in this paper are implemented in Python

on Google Colab?[10].

9.1.1 Application Project Structure

The application consists of three major parts, client application, server application,
and our dataset. The application architecture of the extension tool is shown in Fig-

ure 9.1, which illustrates a multi-layered architecture for ImageR, separating the tool

Ihttps://huggingface.co/
Zhttps://colab.research.google.com/
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into four key layers: Presentation, Application, Communication, and Data. The
Presentation Layer includes the user interface of the extension, responsible for the
front-end interaction, using technologies like HTML, CSS, and JavaScript. The Ap-
plication Layer handles core browser extension components, including manifest.json
and web content as required by Google Chrome, while integrating machine learn-
ing models for processing. The Communication Layer, powered by Flask, facilitates
interactions between the front-end and back-end, managing tasks like image up-
loads and processing requests. Finally, the Data Layer stores the issue data retrieved
from Bugzilla, crowdsourcing labeled image data, and our self-annotated image at-
tachment dataset. The models includes Random Forest, XGBoost, Support Vector
Machine, and Naive Bayes models for image analysis and enhancement, and binary

relevance model for multi-label classification.

Client Application

The client application consists of front-end components including Issue Form data
Fetch Component and Recommendation Popup Component according to the require-

ments and standards of Chrome.

Server Application

The server application consists of back-end components including all our pre-trained
classification models and APIs.

Dataset Application

The dataset consists of two parts, The first part of the dataset is our dataset from
Bugzilla API which is mentioned in Chapter 5, and the second part of the dataset is

our data labeled from Amazon Mturk, which is mentioned in Chapter 5.

9.2 Usage Scenario

The usage scenario of this tool should be when developers find a bug and want to
file a bug-by-bug report. The tool can read the input attributes of issue reports and

analyze them to decide whether or not an issue report is to be added to the issue
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FIGURE 9.1: The application architecture process of the extension tool ImageR.

report. The second usage scenario should be when a developer is having an issue
and wants to write an issue report to file this issue. They already know image at-
tachment would help with the resolution of this kind of issue, however, they do not
know which type of image should be attached to improve this issue report, instead
of deteriorating it. The predicted recommendation would consist of a list of image
attachment labels which indicate the type of image attachments, and a confidence
percentage which indicates how confident the tool is with this label prediction. With
the guidance and instructions provided by recommended image labels and confi-
dence, the user can have a clearer idea about image attachments.

In the ImageR demo, the process begins by opening a Chrome browser, navigat-
ing to Bugzilla, and selecting "Firefox" as the product for the bug report (as shown
in Figure 9.2a - step a). The next step involves selecting the issue category and issue
component, specifying the version, and providing a summary and detailed descrip-
tion (as shown in Figure 9.2b - step b). After submission, the ImageR extension tool
will analyze the information of the issue (as shown in Figure 9.2c - step c). Finally,

the ImageR Chrome extension analyzes the bug report, recommending to ensure its
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completeness and accuracy (as shown in Figure 9.2d - step d).

To summarize, ImageR is an automated tool that generates recommendations
for adding visual content to improve the bug-triaging process. It uses the issue’s
available metadata and textual information. Our empirical experiments show that
ImageR can help increase the readability and enhance the overall effectiveness of the
issue reports. Along with this tool, we also created a database of issue reports with

image attachments, which can be further used in the field.

B sugila a

Which product is affected by the problem you would like to report?

find product

Choose from your most-used components

or choose from the following selections

on ——
DevTools 0

he file directly (https://bengammon.co.uk/favicon.svg) you will observe it is white as expected.

or bugs in irefox DevTools, the developer

ImageR System Notification

M ImageR for Bug reports

" Please wait.. system is processing data + Secuty

(©

The favicon for g 3 ke

u navigate to the file directly (https://bengammon.co.uk/favicon.sve) you will observe it is white as expected.

(D)

FIGURE 9.2: An example of step-by-step operation of our tool ImageR by progressive screen-

shots in three steps: (a) Bugzilla product selection, (b) inputting the bug attributes, (c) Im-

ageR tool is analyzing the issue information, and (d) ImageR recommends whether the de-

veloper should attach an image to this bug report given the input information and if so the
type of the image.
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Chapter 10
Conclusions and Future Work

10.1 Conclusions

The popularity of image sharing in social networks has also impacted social coding
platforms, highlighting the need for tools that can assist developers in enhancing
issue reports. This thesis aimed to explore the role of images in issue reports by
addressing three key research questions. First, we sought to explore when devel-
opers should add images to issue reports (RQ1). To do this, we used supervised
learning with Bugzilla dataset information and sequence-to-sequence models. Sec-
ond, we investigated the specific types of images developers should use in their
issue reports (RQ2). For this, we employed supervised learning, and for each issue,
the report predicted whether an image type should be amended or not. Lastly, we
investigated developer perceptions regarding the value of image recommendations
(RQ3), by conducting a study with 12 developers evaluating 90 issue reports. The
quantitative and qualitative evaluations demonstrate the usefulness of our method
in recommending images. The Random Forest model outperforms other models in
determining whether images should accompany an issue report (Fl-score = 0.74),
while the BugzillaBERT model achieves a fair Fl-score of 0.77 in predicting the ne-
cessity of image inclusion. Furthermore, the Gaussian Naive Bayes classifier can
predict the type of image to accompany an issue correctly for 66.9% of the cases.
Lastly, developers have found the predictions generated by our proposed method
to be highly valuable, with 75% of them expressing practical utility in the overall
design and recommendations of our approach. Additionally, a significant 93.3% of

the recommendations were considered (highly) useful evaluations by at least one
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developer.

Future work can focus on enhancing the achieved accuracy, potentially by incor-
porating full issue report descriptions and exploring other platforms. Additionally,
conducting a variety of qualitative evaluations on the visual content of social plat-
forms is worth considering. Considering that this work is the first study in the field
to recommend images for improving developers’” communication, we believe this
research will pave the way for further discussions on visual tools to enhance devel-

opers’ productivity and promote inclusivity within our software teams.

10.2 Future Work

Addressing the research questions outlined in the thesis has provided valuable in-
sights, several new questions are raised meanwhile.

Specifically, we have identified three key questions for future investigation:
1. What is the primary purpose of including image attachments?
2. How do image attachments facilitate issue resolution?

3. During which issue statuses are developers more likely to include image at-

tachments?

To answer these questions, we manually reviewed 195 issue reports containing
image attachments. Our analysis revealed three main purposes for including im-

ages:
1. To supplement textual descriptions by providing additional information.
2. To raise questions or concerns related to the images.
3. To respond or provide answers by attaching images.

Due to time and resource constraints, we recognize that these studies remain
incomplete. However, the significance of these questions highlights the need to con-

tinue this research.
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Mozilla community recommends developers include clear reproduction steps for
bug reproduction in the guidance of Reporting a New Bug'. As an example, Figure

10.1 shows the reproduction steps of an issue report, ID: 65525 on Bugzilla 2.

Reproducible: Always

Steps to Reproduce:

1) Click on a menu, e.g. Go

2) Before menu is displayed, move mouse pointer to different menu, e.g. Bookmarks
3) Now Bookmarks menu is shown, but it's contents are actually the contents of
the Go menu.

FIGURE 10.1: The reproduction steps of the issue report, ID: 65525, on Bugzilla.

During this triage and resolution process, we frequently observed the requests
for image-based evidence to clarify reproduction steps, particularly when there were
variations in execution processes. It is known that reproducibility is critical for issue
resolution[12], so we aim to develop an approach that visualizes each reproduction
step of the issue report step by step. This approach will assist developers in repro-
ducing the issue more easily, thereby improving issue resolution rates and reducing
the response delay during the resolution.

Our experiment started with traditional approaches by implementing object de-
tection and recognition models to identify software elements. Our first experiment
was based on YOLOv5S model®, fine-tuned with variety of data from popular datasets
such as the Microsoft COCO dataset [48], ImageNet [22], and the Open Images Dataset
[43].

However, the labels or classes of these existing datasets only cover general object
classes but do not include specific classes relevant to software or computer engineer-
ing. For example, out of 80 classes of the Microsoft COCO dataset, the only classes
related to computers or software are hardware objects like “Laptop”, “Mouse”, and
“Keyboard” [48]. The scarcity of these instances and their variety in the datasets
makes it difficult to train our models. As a result, we have identified the need to
build our dataset of a scalable set of labeled images, including software, system,

desktop, and other computer-related elements, which is tailored to our needs.

Ihttps://www.bugzilla.org/docs/2.20/html/bugreports.html
2https://bugzilla.mozilla.org/show_bug.cgi?id=65525
3https://pytorch.org/hub/ultralytics_yolovs/
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FIGURE 10.2: The implementation workflow of the automatic user trace generation process
using Selenium, LLM, and online workflow development platform.

Mainstream tools for bug localization, duplicate detection, and issue summa-
rization systems focus primarily on text-based analysis or code-level retrieval, lack-
ing the ability to handle dynamic, context-sensitive elements [3, 18, 20, 91]. In con-
trast, our tool, ImageR, has shown great potential in assisting users by recommend-
ing relevant image attachments. While ImageR currently focuses on general image
types, we plan to expand its capabilities to address the specific challenges faced in
software engineering, such as visualizing issue reproduction steps and capturing
context-sensitive data to improve issue resolution.

A user action trace represents the sequence of actions a user performs, consist-
ing of attributes such as user ID, action name, screenshots, action type, and other
relevant metadata [31]. This trace can be modeled using action trees, which provide
a hierarchical representation of user interactions. Action trees are useful for soft-
ware analysis and usability evaluations, as they map out user behavior and provide
a structured approach to analyzing usage patterns based on actual usage data [26,
25].

We are investigating the idea of creating an exhaustive set of screenshots by (i)
identifying the set of actions users have with the browser, (ii) constructing an action
tree, (iii) automating the execution of action trees, and (iv) capturing a screenshot at

each step:

¢ To identify user actions, we began by extracting verbs from the issue reports
on Bugzilla. Next, we employed a Large Language Model (LLM) to “identify
all the actions a user might take when interacting with a web browser." We
then prompted the model to extend this list of actions. Afterward, we asked

LLM to define the full action trace for each of these actions. We used Dify, an
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open-source LLM application development platform, to implement this work-
flow. Dify supports LLM application development, from agents to complex Al
workflows*. We chose Dify for its ability to integrate LLMs with other compo-

nents, facilitating the creation of an automated workflow.

* We used Selenium to simulate and automate the execution of these actions in
virtual browser environment. Selenium® is a widely-used, portable tool for
automating browsers. Selenium is commonly used for developing automated

software testing frameworks for web-based applications [73].

¢ Finally, we developed a code snippet to capture screenshots during the execu-
tion of each action trace using Selenium. These screenshots visually represent

the steps corresponding to each user action.

Figure 10.2 illustrates how this automated workflow generates user action traces
based on user interactions with the software. One challenge we encountered was
ensuring that all user actions were executable, which required manual debugging
of the action traces. This debugging process, along with the additional runtime de-
mands of Selenium, slowed down our overall progress. Currently, we are working
on expanding these workflows and compiling a comprehensive set of screenshots
for different user actions. This dataset, structured around an action tree, will support
various research directions. For example, we aim to fine-tune classification models
using these user action data. These models can be trained to classify user behavior

based on a given text, such as a step in a bug reproduction process.

Code and Data Availability

The full replication repository and dataset package of this study can be found in the

repository. This package is published and hosted publicly.

4https://github.com/langgenius/dify
Shttps://www.selenium.dev/documentation/
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