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Abstract

Background: AI-based repository feedback tools can support software engineering education by auto-
matically generating feedback on project structure, source code, build configuration, and development
practices. However, existing tools can be limited by language-specific assumptions and by processing
repository contents that are not useful for feedback generation.

Aim: This thesis investigates whether improved repository content selection and multi-language support
can improve the quality and generality of feedback generated by an AI-based repository analysis tool.

Method: An existing repository feedback tool, AI repo feedback, was analysed and extended. The
improved implementation adds support for PHP and TypeScript, introduces language-specific analysis
functions, and filters irrelevant files and directories before sending repository contents to the AI model.
The evaluation compares the original and modified implementations through repository analysis and a
user study with computer science students, focusing on language support, repository content selection,
and the perceived usefulness of the generated feedback.

Results: The improved implementation supports more programming languages than the original ver-
sion by adding PHP and TypeScript support. It also addresses a scalability problem observed on larger
repositories such as Episciences, where the original approach could pass too much repository content to
the AI model and fail during analysis. In addition, selecting the largest files without stronger filtering
could result in generated or otherwise irrelevant files being chosen for analysis. The improved implemen-
tation reduces this problem by excluding dependency directories, generated output, and unusually large
files before selecting source files for analysis. User evaluations indicate that these modifications improve
the applicability of the tool, although the perceived quality of the generated feedback remains largely
unchanged.

Conclusion: The results show that improved repository content selection and multi-language support
make the repository feedback tool more general and scalable by enabling the analysis of a wider range
of repositories while reducing unnecessary AI input. However, the perceived quality of the generated
feedback remains largely determined by the underlying language model rather than by the repository
selection strategy alone.



Contents

Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1 Introduction 2
1.1 Context . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.2 Problem Statement . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.3 Research Question . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.4 Objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.5 Overview of the Thesis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

2 Background and Related Work 4
2.1 Repository Feedback and Repository Mining . . . . . . . . . . . . . . . . . . . . . . . . . . 4
2.2 AI-Based Software Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
2.3 Repository-Level LLM Analysis and Content Selection . . . . . . . . . . . . . . . . . . . . 5

3 Method 6
3.1 Research Approach . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
3.2 Analysis of the Original Tool . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
3.3 Prototype Design . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
3.4 Prototype Implementation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
3.5 Evaluation Procedure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

4 Design and Implementation 8
4.1 Design Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
4.2 Original Tool and Design Direction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
4.3 Multi-Language Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
4.4 Repository Content Selection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
4.5 Practical Implementation Notes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

5 Evaluation 11
5.1 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
5.2 Technical Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
5.3 User-Based Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

6 Discussion 13
6.1 The Interpretation of the Findings . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
6.2 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
6.3 Implications and Next Steps . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

7 Conclusions 15
7.1 Answers to the Research Question . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
7.2 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
7.3 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

1



Chapter 1

Introduction

This chapter sets up the problem addressed in this thesis. It introduces repository feedback in software
engineering, explains the limitations of an existing AI-based repository feedback tool, and defines the
research question around multi-language support and repository content selection.

1.1 Context
Software repositories contain important information about a software project, such as its source code, di-
rectory structure, build configuration, documentation, and development history. In software engineering
education, reviewing such repositories is a common way to assess student projects and provide feedback.
However, manually reviewing repositories can be time-consuming, especially when many projects need
to be evaluated.

Recent developments in AI-based code analysis and software repository mining have created opportunities
to automate parts of this process. Repository mining focuses on extracting useful information from
version control systems and project artifacts to support software quality and development practices [4].
In addition, machine learning and deep learning techniques have been applied to source code analysis
tasks such as code similarity detection, automated review, and quality assessment [10, 6].

More recently, Large Language Models (LLMs) have been used for repository-level software analysis.
These models can generate natural-language feedback based on repository contents, making them useful
for educational settings where students benefit from explanations rather than only receiving rule-based
warnings. However, LLM-based repository analysis also introduces challenges, such as token costs,
limited context windows, and the risk of hallucinated feedback [3].

This thesis uses an existing AI-based repository analysis tool called AI repo feedback, developed by
Diomidis Spinellis, as the starting point for the research [9]. The tool is analysed, modified, and evaluated
in order to investigate how its language support and repository content selection can be improved.

1.2 Problem Statement
The AI repo feedback tool analyses a GitHub repository and generates feedback about repository con-
tents, project architecture, source code quality, build configuration, and configuration management.
While the existing tool demonstrates the potential of AI-assisted repository feedback, it has two impor-
tant limitations.

First, the tool is purely designed around Java repositories. This limits its generality, because many
software projects are written in other languages such as PHP or TypeScript. When a repository does
not follow the assumptions of the Java ecosystem, the generated feedback can become incomplete or less
relevant.

Second, the original tool processes repository contents in a relatively broad way. Large repositories often
contain files that are not useful for feedback generation, such as third-party dependencies, generated files,
build artifacts, and framework output directories. Including such files increases the amount of input sent
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to the AI model without necessarily improving the quality of the feedback. In larger repositories, this
can reduce scalability and may lead to quota or context-size limitations.

1.3 Research Question
This thesis investigates whether the repository feedback tool can be improved by extending its language
support and by making better decisions about which repository contents should be analysed.

The following research question guides this research:

RQ To what extent can improved repository content selection and multi-language support improve the
quality and generality of feedback generated by an AI-based repository analysis tool?

In this thesis, repository content selection refers to the process of deciding which files and directories
should be included in the analysis and which should be excluded because they are unlikely to contribute
meaningful information.

1.4 Objectives
The main objective of this research is to improve the generality and scalability of an existing AI-based
repository feedback tool.

This objective is divided into the following sub-goals:

• Analyse the original repository feedback tool and identify its main limitations.

• Extend the tool with support for additional programming languages.

• Improve repository content selection by filtering irrelevant files and directories.

• Reduce unnecessary input sent to the AI model.

• Evaluate whether the modified tool provides more useful and general feedback than the original
implementation.

1.5 Overview of the Thesis
In Chapter 2, the background and related work are discussed. This includes repository analysis, AI-based
code analysis, repository-level LLM systems, and the importance of selecting useful repository contents
before sending them to an AI model.

Chapter 3 describes the research approach used in this thesis. The chapter explains how the original
tool was examined, how the prototype was developed, and how the improved tool will be evaluated.

Chapter 4 presents the design and implementation of the improved tool. It describes the changes made
to support multiple programming languages and to reduce unnecessary AI input through repository
filtering and file selection.

Chapter 5 presents the evaluation of the prototype. This chapter compares the original and modified
versions of the tool and discusses the results of testing the tool on different repositories.

Chapter 6 discusses the meaning of the findings, the limitations of the research, and the extent to which
the research question can be answered.

Finally, Chapter 7 summarises the thesis and gives suggestions for future work.
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Chapter 2

Background and Related Work

This chapter places the project in the context of existing work. It discusses repository mining, AI-based
software analysis, and repository-level LLM analysis, then connects this work to the practical problem
of selecting useful repository contents before sending them to an AI model.

2.1 Repository Feedback and Repository Mining
Software repositories contain more than only source code. They also include build files, documentation,
tests, dependency definitions, configuration files, and version control history. Together, these artifacts
give insight into the structure of a software project and the way it is developed. In software engineering
education, this information can be used to assess student projects and provide feedback on aspects such
as project organisation, maintainability, testing, and configuration management.

Mining software repositories is the research field concerned with extracting useful information from soft-
ware repositories. Hassan describes this field as a way to support understanding of software development
processes through the analysis of repository data [4]. This is relevant to this thesis because the repository
feedback tool also extracts information from project artifacts before generating feedback.

Traditional repository analysis tools often rely on predefined rules or static analysis techniques. These
tools can be useful for detecting specific problems, such as missing files, style violations, or certain
code smells. However, they are usually limited to the checks that were explicitly implemented. As a
result, they may be less suitable for producing broader explanatory feedback about project structure,
architecture, and maintainability.

2.2 AI-Based Software Analysis
Machine learning and deep learning have increasingly been applied to software engineering tasks. For
example, Tufano et al. show that deep learning models can learn similarities between code fragments
using different representations of source code [10]. Machine learning has also been explored for code
review and software quality assessment, showing that automated techniques can support parts of the
review process [6].

More recently, Large Language Models (LLMs) have become important in software engineering. LLMs
can generate code, explain existing code, suggest improvements, and produce natural-language feedback.
Hou et al. describe how LLMs are increasingly used across different software engineering tasks [5]. This
makes them relevant for repository feedback, especially in an educational setting where feedback should
not only identify problems, but also explain them.

The AI repo feedback [9] follows this direction. Instead of only applying fixed rules, it collects information
from a repository and sends it to an AI model. The model then generates feedback about the repository
contents, architecture, source code, build configuration, and version control history.
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2.3 Repository-Level LLM Analysis and Content Selection
Using LLMs for repository-level analysis is different from using them on a single source file or a small
code snippet. A repository can contain many files, multiple programming languages, external dependen-
cies, generated code, and framework-specific build artifacts. This creates a practical problem: not all
repository contents are useful for feedback generation.

Recent work such as RepoAudit shows that LLMs can be used for repository-level code auditing [3]. At
the same time, this type of analysis introduces challenges such as token costs, context-window limitations,
and hallucinations. These challenges are relevant to this thesis because the feedback tool also depends
on deciding what information should be sent to the model.

This makes repository content selection an important part of the system. Including directories such as
vendor, node_modules, dist, build, coverage, and .next can increase the amount of input without
improving the generated feedback. In some cases, this content can even distract the model from the
actual project code. Liu et al. show that language models do not always make effective use of long
context, which supports the idea that simply providing more input is not always better [7].
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Chapter 3

Method

This chapter describes how the existing repository feedback tool was analysed, modified, and evaluated.
It explains the baseline analysis of the original tool, the design choices behind the modified version, and
the evaluation approach used to compare the original and modified implementations.

3.1 Research Approach
This research follows a prototype-based evaluation approach. The goal is to improve an existing AI-
based repository feedback tool [9] and evaluate whether the changes address the limitations found in
the original implementation. This fits the principles of Design Science Research, where an artifact is
designed, implemented, and evaluated in response to an identified problem [8].

The research process consisted of four main phases. First, the original tool was studied to understand
its workflow and limitations. Second, an improved implementation was designed. Third, the tool was
implemented by extending the original tool. Finally, the modified tool was evaluated by comparing it
with the original implementation.

3.2 Analysis of the Original Tool
The first phase focused on understanding the existing repository feedback tool. The implementation
was inspected to determine how it collects repository information, how it selects files, how it constructs
prompts, and how it sends these prompts to the AI model.

The original tool was also executed on a small Java project to confirm that it worked correctly in
its intended setting. This helped establish a baseline before modifications were made. During this
phase, several practical issues were identified and fixed to make the system stable enough for further
development.

The analysis focused on two main limitations. The first limitation was language dependence. The original
implementation was mainly structured around Java repositories. The second limitation was scalability.
The tool could send large amounts of repository content to the AI model, especially when analysing
larger repositories.

3.3 Prototype Design
After the baseline analysis, an improved implementation was designed. The design focused on two
improvement areas.

The first improvement area was multi-language support. The prototype was designed so that files could
be routed to language-specific analysis functions based on their file extension. This made it possible to
support Java, PHP, and TypeScript in a single workflow.

The second improvement area was repository content selection. Instead of analysing repository contents
broadly, the prototype filters files and directories before sending information to the AI model. This
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design choice was made to reduce unnecessary input and to focus the analysis on files that are more
likely to contain meaningful project logic.

3.4 Prototype Implementation
The prototype was implemented by modifying the original shell script of the AI repo feedback tool
developed by Spinellis [9]. The resulting modified implementation is publicly available as a GitHub
fork created for this research [2]. The implementation added language detection, TypeScript support,
PHP-specific improvements, filtering rules, file-size limits, and language-specific source code analysis
functions. The AI model used for both the original tool and the modified implementation was kept the
same: gpt-4.1-mini

The implementation was developed iteratively. After each major change, the tool was tested on example
repositories to verify whether the change worked as expected. When the tool failed because of excessive
AI input, the file selection strategy was adjusted to reduce the amount of content sent to the model.

3.5 Evaluation Procedure
The evaluation compares the original and modified versions of the tool. The comparison focuses on three
aspects.

• Language generality: whether the tool can analyse repositories written in Java, PHP, and
TypeScript.

• Repository content selection: whether the modified version avoids unnecessary files and direc-
tories during analysis.

• Feedback usefulness: whether the generated feedback remains meaningful after filtering and
language-specific routing are applied.

The technical evaluation was performed by executing both the original and the modified versions of
the tool on a number of software repositories. The generated reports were inspected to verify that the
modified implementation correctly analysed repositories written in different programming languages and
that repository filtering reduced the inclusion of irrelevant files.

To evaluate the usefulness of the generated feedback, a small user study was conducted with three
computer science students. Each participant received feedback reports generated by both the original
and the modified versions of the tool for two Java repositories. Since the original implementation does not
support TypeScript, participants also evaluated feedback generated by the modified tool for a TypeScript
repository. The reports were presented without indicating which version of the tool had generated them
whenever a direct comparison was possible.

After reviewing the reports, the participants completed a short questionnaire in which they assessed the
usefulness, relevance, and specificity of the generated feedback and were invited to provide qualitative
comments [1].

The qualitative feedback from the questionnaires was analysed to identify recurring strengths and weak-
nesses in the generated reports. Rather than measuring user satisfaction quantitatively, the purpose of
the user study was to determine whether the modifications affected the perceived quality of the gen-
erated feedback and whether the additional language support produced useful feedback for repositories
that could not be analysed by the original implementation
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Chapter 4

Design and Implementation

This chapter describes the changes made to the repository feedback tool itself. It explains how the original
Java-centred workflow was extended with language-specific analysis, and how repository filtering and file
selection were added to reduce unnecessary input to the AI model.

4.1 Design Overview
This chapter describes the design and implementation of the modified repository feedback tool [2]. In
this thesis, the implemented tool extends the original tool with improved repository content selection
and support for PHP and TypeScript in addition to Java.

The original tool already generated feedback for several parts of a repository, including repository con-
tents, project architecture, source code quality, build specification, and commit history. The improved
implementation keeps this general workflow. The main change is that the tool now makes more explicit
decisions about which files should be analysed and how these files should be routed to language-specific
analysis functions.

The design therefore focuses on two main concerns. The first concern is language support. Instead of
treating the repository as mainly Java-based, the modified tool detects the programming language of files
and applies a suitable analysis function. The second concern is scalability. Instead of sending too much
repository content to the AI model, the tool filters files and directories that are unlikely to contribute
useful feedback.

4.2 Original Tool and Design Direction
The original AI repo feedback tool developed by Spinellis [9] was purely designed for Java repositories.
The modified implementation developed during this research [2] extends this design with support for
PHP and TypeScript.

Another limitation was the way source files were selected. The original implementation focused on the
largest source files, but did not sufficiently exclude directories such as dependencies, generated output, or
framework build artifacts. This became a practical problem during testing on a larger PHP repository,
where the tool generated too much input for the AI model.

For these reasons, the design direction changed from simply adding more file analysis to making the
analysis more selective. The goal became to analyse files that are more likely to represent the actual
project logic, while avoiding files that mostly add noise or unnecessary input.

4.3 Multi-Language Analysis
The modified implementation extends the language detection mechanism to support Java, PHP, and
TypeScript. TypeScript support includes both .ts and .tsx files. The repository’s main language is
detected by counting source files for the supported languages:
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detect_main_language()
{
local repo="$1"

local java_count=$(find "$repo" -name ".java" | wc -l)
local php_count=$(find "$repo" -name ".php" | wc -l)
local ts_count=$(find "$repo" ( -name ".ts" -o -name ".tsx" ) | wc -l)

if (( php_count > java_count && php_count > ts_count )); then
echo "php"
elif (( ts_count > java_count && ts_count > php_count )); then
echo "typescript"
else
echo "java"
fi
}

In addition to detecting the main language of a repository, the tool also detects the language of each
selected source file. This is done using file extensions:

get_file_language()
{
local file="$1"

case "$file" in
*.java) echo "java" ;;
*.php) echo "php" ;;
.ts|.tsx) echo "typescript" ;;
*) echo "unknown" ;;
esac
}

This structure is important because repositories can contain more than one language. The tool should
therefore not assume that every selected file belongs to the main language of the repository. By routing
files individually, the modified implementation can apply language-specific prompts more accurately:

if [ "$lang" = "java" ]; then
report_source_code_java "$repo" "$path" "4.$counter"
elif [ "$lang" = "php" ]; then
report_source_code_php "$repo" "$path" "4.$counter"
elif [ "$lang" = "typescript" ]; then
report_source_code_typescript "$repo" "$path" "4.$counter"
fi

PHP and TypeScript support were implemented as separate analysis functions. For PHP, the tool
extracts classes, interfaces, traits, and related declarations. For TypeScript, the tool extracts classes,
interfaces, enumerations, type aliases, exported functions, and arrow functions. These extracted elements
are then used to provide the AI model with a compact view of the project architecture.

4.4 Repository Content Selection
A major part of the implementation concerns repository content selection. During testing, it became clear
that sending more repository content to the AI model does not automatically produce better feedback.
Large repositories often contain files that are not part of the developers’ own implementation, such as
dependencies, generated files, build output, and framework artifacts.

The modified tool therefore excludes several common directories from source code analysis. These include
vendor, node_modules, .git, dist, build, out, coverage, and .next. These directories were selected
because they commonly contain dependency files, generated files, or output that is not useful for assessing
the project’s own code.
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The file-selection step also applies a file-size limit and then selects the largest remaining source files:

find . -type f
( -name ".java" -o -name ".php" -o -name ".ts" -o -name ".tsx" )
-not -path "/vendor/"
-not -path "/node_modules/"
-not -path "/.git/"
-not -path "/dist/"
-not -path "/build/"
-not -path "/out/"
-not -path "/coverage/"
-not -path "/.next/"
-size -80000c
-printf "%s %p\n" |
sort -nr |
head -5

Files larger than 80,000 bytes are excluded from detailed source code analysis. This prevents unusually
large files from dominating the AI prompt and reduces the chance of reaching model or quota limits.

After filtering, the remaining files are sorted by size and the five largest relevant files are selected for
detailed source code analysis. This keeps the original idea of analysing representative files, but makes
the selection more practical by first removing files that are unlikely to be useful.

This heuristic is simple and understandable, but it is not perfect. A large file is not always the most
important file in a project, and an important file can sometimes be small. Later improvements could
select files using more signals, such as directory location, commit activity, number of functions, or whether
the file contains central project classes.

4.5 Practical Implementation Notes
The implementation was developed iteratively. After each major change, the tool was tested on example
repositories to check whether the correct files were selected and whether the correct language-specific
analysis function was used.

Additional debug output was added to support this process. The debug output shows which files are
skipped because of the file-size limit and which language is detected for each selected file. This made it
easier to understand the behaviour of the file-selection process during development.

One practical issue that remains is runtime. The tool waits between AI calls to avoid exceeding API or
quota limits. This makes the tool safer to run, but it also means that a full analysis can take a long
time.
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Chapter 5

Evaluation

This chapter describes the evaluation of the modified tool. It reports the evaluation setup, the repositories
tested, the observations about language support and repository filtering, and the user-based evaluation.

5.1 Experimental Setup
The purpose of the evaluation is to determine whether the improved implementation addresses the
research question: to what extent improved repository content selection and multi-language support can
improve the quality and generality of feedback generated by an AI-based repository analysis tool.

This evaluation focuses on three aspects.

• First, language support was evaluated to determine whether the modified implementation can
analyse repositories written in more programming languages than the original version.

• Second, repository content selection was evaluated to determine whether the filtering strategy
reduces unnecessary AI input by excluding irrelevant files such as dependencies and generated
artifacts.

• Third, the generated feedback was evaluated through a small user study in which computer science
students assessed the usefulness, relevance, and specificity of the generated reports.

In this evaluation, the modified tool developed during this research [2] was tested on selected repositories
to validate the implementation. The original tool was first tested on a small Java repository to confirm
that the baseline version worked in its intended setting. The modified tool was then tested on repositories
containing PHP and TypeScript code. A larger PHP repository (Episciences) was especially useful
because it exposed scalability issues in the original approach, where too much repository content could
be selected for analysis and exceed the available AI quota.

Repository Main language Version tested Purpose
Online Book Store Java Original and modified Baseline test
Episciences PHP Modified Larger PHP test case
Immich TypeScript Modified TypeScript support test

Table 5.1: Repositories used in the evaluation.

5.2 Technical Evaluation
The first result is that the modified tool is more general than the original implementation. The original
tool was purely designed around Java repositories, while the modified implementation supports Java,
PHP, and TypeScript. The support is not fully language-independent, because each language still requires
specific extraction rules and prompts. However, the structure is now easier to extend than before.

The second finding concerns repository content selection. During testing on a larger PHP repository,
the tool generated too much input for the AI model and exceeded the available quota. This showed that
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simply adding language support was not enough. If too much irrelevant repository content is included,
the tool can still become inefficient or fail on larger repositories.

The filtering strategy reduced this problem by excluding common dependency and build directories such
as vendor, node_modules, dist, build, out, coverage, and .next. A file-size limit was also added to
avoid sending unusually large files to the AI model. These changes made the tool more selective and
more practical to run during testing.

The third finding concerns runtime. Both the original and the modified implementations wait between AI
calls in order to avoid quota or rate-limit problems. This makes the tool more stable, but also increases
the total time needed to generate a complete report. Reducing the runtime of the tool is therefore left
for future work.

5.3 User-Based Evaluation
To complement the technical evaluation, a small user study was conducted with three computer science
students. The participants reviewed feedback generated by both the original and the modified versions
of the tool for two Java repositories. In addition, they evaluated feedback generated by the modified tool
for a TypeScript repository, since this language is not supported by the original implementation. After
reviewing the reports, the participants completed a short questionnaire describing how useful, relevant,
and specific they considered the generated feedback.

Overall, the participants reported mixed experiences with the generated feedback. Several observations
were consistently identified as useful. For example, participants appreciated concrete security-related
findings, such as the warning about a publicly accessible check.php file that could expose sensitive
information. Suggestions regarding repository configuration, such as providing a .env.example file,
were also considered useful when applicable. Furthermore, observations about project-specific naming
conventions were generally recognised as accurate descriptions of the analysed repositories. Because only
three participants took part in the study, the results are intended to provide qualitative insights rather
than statistically significant evidence.

At the same time, participants identified several recurring weaknesses. A considerable part of the gener-
ated feedback consisted of generic positive remarks that were not supported by concrete examples from
the repository. Some improvement suggestions were considered unhelpful or even inappropriate for the
specific project. In addition, participants noted that recommendations such as improving documenta-
tion or adding CI/CD descriptions could apply to almost any repository and therefore contributed little
repository-specific value.

Another recurring observation was that the generated feedback rarely referred to concrete functions,
source files, or line numbers. As a result, participants found it difficult to determine why certain recom-
mendations had been made or how strongly they were supported by the analysed source code.

Finally, participants reported that they observed little noticeable difference in the overall quality of the
feedback generated by the original and modified versions of the tool. While the modified implementa-
tion successfully extended language support and improved repository content selection, these technical
improvements did not lead to a clear improvement in the perceived usefulness of the generated feedback.

These findings suggest that the modifications successfully improve the generality of the repository feed-
back tool by extending its applicability to additional programming languages while maintaining compara-
ble feedback quality. Although repository filtering and multi-language support make the tool applicable
to a wider range of repositories, participants indicated that the overall style and specificity of the gen-
erated feedback remain mostly determined by the underlying language model. Future improvements
should therefore focus on generating feedback that is more repository-specific and better supported by
concrete evidence from the analysed source code.
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Chapter 6

Discussion

This chapter discusses what the current findings mean for the research question. It reflects on the shift
from analysing more repository content to selecting more relevant content, and discusses the limitations
and remaining work of the project.

6.1 The Interpretation of the Findings
The research question of this thesis asks to what extent improved repository content selection and multi-
language support can improve the quality and generality of feedback generated by an AI-based repository
analysis tool.

The clearest improvement is in generality. The original tool was mainly designed around Java repositories,
while the modified implementation supports Java, PHP, and TypeScript. Both the technical evaluation
and the user study showed that the tool can now analyse repositories written in multiple programming
languages without changing the overall analysis workflow. This makes the tool applicable to a wider
range of repositories.

The interpretation of deeper file-level analysis also changed during the project. Initially, it seemed that
deeper analysis would mean reading more files or analysing source code in more detail. During imple-
mentation, however, it became clear that analysing more content is not always useful. Large repositories
often contain dependencies, generated files, and build artifacts that increase input size without improving
feedback.

For this reason, deeper file-level analysis is interpreted in this thesis as better repository content selection.
The modified tool tries to decide which files are worth sending to the AI model and which files should
be ignored.

The user study provided additional insight into the quality of the generated feedback. Participants
considered several observations to be useful, particularly when the tool identified concrete security-
related issues or made project-specific observations that could easily be verified. However, they also
noted that a considerable part of the generated feedback consisted of generic recommendations that
could apply to many repositories. In addition, the reports rarely referred to specific files, functions, or
code fragments to support the generated advice.

Overall, these findings indicate that the modifications made in this thesis mainly improve the appli-
cability of the repository feedback tool rather than the quality of the generated feedback itself. The
improvements in language support and repository content selection enable the tool to analyse a wider
range of repositories more efficiently, but the overall quality and specificity of the generated feedback
remain largely dependent on the underlying language model.

6.2 Limitations
First, the filtering strategy is based on simple heuristics. Excluding directories such as vendor and
node_modules is usually reasonable, but there can be exceptions. Similarly, the file-size limit helps
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reduce unnecessary input, but it can also exclude a file that contains important project logic.

Second, the quality of the generated feedback remains limited by the underlying language model. Al-
though the modified implementation improves language support and repository content selection, the
user study showed that the generated reports can still contain generic recommendations and are not al-
ways supported by concrete references to the analysed source code. As a result, improving the repository
analysis pipeline alone is not sufficient to substantially improve the perceived quality of the feedback.

6.3 Implications and Next Steps
The current results suggest that repository content selection is an important part of AI-based repository
feedback. Instead of sending as much repository content as possible to the AI model, the tool should try
to select useful content and avoid files that add little value.

The user study suggests that future improvements should focus less on extending the repository anal-
ysis pipeline and more on improving the interaction with the language model. Although the modified
implementation successfully analyses more programming languages and selects repository contents more
effectively, participants indicated that the generated feedback could become more repository-specific and
better supported by concrete evidence from the analysed source code.

Another future improvement is to make the tool faster. The current waiting period between AI calls
protects against quota and rate-limit problems, but it also makes the tool slow. A better approach
could use adaptive waiting, batching, or tracking of previous request times. The goal would be to reduce
runtime without upsetting the AI limits.
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Chapter 7

Conclusions

This chapter summarizes the conclusions of the thesis. It answers the research question based on the
work completed so far and lists the main contributions.

7.1 Answers to the Research Question
This thesis investigated whether improved repository content selection and multi-language support can
improve the quality and generality of feedback generated by an AI-based repository analysis tool.

The evaluation shows a clear improvement in the generality of the tool. While the original implementation
primarily targeted Java repositories, the modified implementation also supports PHP and TypeScript.
As a result, the tool can analyse a wider range of software repositories without requiring major changes
to the overall workflow.

The second contribution concerns repository content selection. During development, it became clear
that analysing more repository content does not necessarily improve the generated feedback. By filtering
dependency directories, generated output, and unusually large files before analysis, the modified imple-
mentation is able to analyse larger repositories more reliably while reducing unnecessary input to the AI
model.

The user study showed that the generated feedback contains both useful repository-specific observations
and generic AI-generated recommendations. Participants considered concrete findings, such as security-
related observations and project-specific comments, to be valuable. At the same time, they noted that
some recommendations were too general and were not always supported by concrete examples from the
analysed source code. Furthermore, participants observed little difference in the overall quality of the
feedback generated by the original and modified versions.

Overall, the results indicate that the modifications primarily improve the generality and scalability of
the repository feedback tool. Although they do not substantially change the perceived quality of the
generated feedback, they allow the tool to analyse a broader range of repositories while making more
effective use of the available AI context. These findings indicate that the remaining limitations of the
tool are primarily related to the underlying language model rather than the repository analysis pipeline.

7.2 Contributions
The main contribution of this thesis is an improved implementation of the repository feedback tool,
which has been released as an open-source GitHub fork [2]. The prototype adds multi-language support,
language-specific analysis functions, repository filtering, and file-size limits.

A second contribution is the practical insight that AI-based repository feedback depends strongly on
selecting useful input. The project showed that filtering irrelevant repository content is necessary for
making the tool more scalable and practical.
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7.3 Future Work
Future work could also improve the runtime of the tool. The current implementation waits between AI
calls to avoid quota or rate-limit problems, but this makes the analysis slow. A better waiting strategy
could make the tool faster while still respecting AI limits.

Another direction for future work is improving the quality of the generated feedback itself. The user study
showed that while the modified implementation successfully improves language support and repository
content selection, the generated feedback can still contain generic recommendations that are not always
specific to the analysed repository. This suggests that the main limitation is no longer the repository
analysis pipeline, but the interaction with the underlying language model. Future work could therefore
investigate improved prompting strategies, retrieval of more repository-specific context, or mechanisms
that require the model to support its recommendations with concrete evidence from the analysed source
code.
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