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Abstract – Developers' fluctuation in the lifetime of a
software product might deteriorate the understanding of the
source code to a level where developer expertise of some
modules drops to a dangerously low point. It is important
for the project management to identify such critical modules
to avoid complete knowledge loss. This paper presents a
developer-centered static analysis tool that is intended to
show individual expertise in large software projects. The
expertise value is computed for each file through repository
mining of the version control system of the project. The
calculated value is based on the quality of commits per
developer. The results of the proposed method have been
validated on the CodeChecker open-source project,
comparing against the findings of a user questionnaire filled
by developers of the project on their expertise.

information we need is not stored explicitly but in the
form of commits that can be processed and analyzed.
This work studies the following research questions:
•

The quantity of modifications in a commit is easy
to measure as the number of modified lines. The
quality of modifications is more difficult to
determine since they have to be classified based
on the type of modifications such as refactoring,
new functions, new classes, etc. Quantifying the
quality of a modification in a file depends on the
programming language, thus requires static
analysis of the language. This makes
quantification harder in case of multilingual
projects where we have to perform static analysis
in every language that is used in the software.
Advanced software similarity checking software
has the capability of analyzing several languages
and gives accurate results of comparison between
different states of a file. Similarity checking is
suitable for comparing the previous and new
versions of source files. They provide a quality
measurement through a selected comparison
approach [2]. The results of similarity checking
can be used to classify modifications according to
their impact. RQ1: How to identify insignificant
commits (i.e. commits with no substantial
changes, such as adding or removing comments,
renaming
identifiers,
adding
copyright
information, etc.)? Are software similarity
checkers capable of effectively identifying such
modifications?

•

All developers have a notion of their knowledge
in their current project(s). Source code is usually
the atomic part of this knowledge which is
extended by their comprehension of software
architecture,
design
patterns,
coupling
information, etc. RQ2: How do developers’
contributions to the source code correlate? Do
developers correctly estimate their own
knowledge in the software projects they work on?
If not, do they tend to over- or underestimate their
knowledge?
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I.

INTRODUCTION

In case of long-running software projects, the
fluctuation of developers is inevitable, whether we talk
about smaller projects with only a few developers at once,
such as a university lab project, or large, industrial
projects that count tens or hundreds of developers. When
fluctuation is so high, there is always a risk that certain
components of the software suffer neglect. If all or even
most developers that have knowledge about a component
leave the project, maintenance problems might emerge,
and it will cause much more problems to debug or develop
the component than it would be in possession of decent
expertise [1].
During development, lots of questions emerge that
concern other developers, especially when we need to find
out about the development reasons behind a certain part of
the code. Developers might also need to know the authors
of a certain code who presumably know the most about
the code and are able to help with understanding and
debugging the code in question. These questions might be
hard to answer, especially in large companies, where
dozens of programmers develop a software. Nowadays,
using some type of version control system for our projects
like Git or SVN is fundamental. Repositories are capable
of storing every piece of information that is bound to
development since the start of the project. Naturally, the
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We developed a tool to parse and analyze the Git
commit history to answer the above questions through
empirical measurement and evaluation. The newly
developed competence plugin has been implemented as
part of the open source code comprehension supporting
software CodeCompass [3]. The plugin calculates the
quantity of modifications as lines of code (LOC), and the
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quality of modifications using the JPlag software
similarity checking and plagiarism detection software [4]
as a third party tool. The plugin was tested on
CodeChecker [5], a static analysis tool, whose developers
provided their self-declared knowledge in the project’s
modules.
II.

RELATED WORK

A. Developer Expertise
Ranking developers in a software project by their
expertise in the source code – and on more abstract levels,
in various programming technologies, such as languages
and frameworks – is continuously relevant for companies
and software projects. Expert identification is crucial in
facilitating communication between programmers which,
as a result, makes software development quicker and more
effective. The time span of completing programming tasks
has been identified as a key signal of a developer's
competences, as Nguyen et. al [6] concluded it in their
study. Robbes and Röthlisberger [7] have also found task
completion time to be of great importance, however, they
also relied on the time developers spent communicating
with each other, using developer interaction repositories.
Software repositories and static analysis are no new
sources of data for programmer competences: Teyton et
al. [8] developed a domain specific language to mine
software repositories in search of project-specific
developer competences.
Matter et. al [9] used their text-based developer
identification to facilitate assigning bug tickets to the
developer who most effectively can solve the problem.
They mapped bug ticket description to the vocabulary
used in developers' previous work descriptions. The same
purpose was realized by Wu et al. [10] who applied other
metrics like frequency, bug similarity and social network
metrics.
B. Commit Classification
Research on classifying commits into various
categories often relies on analyzing commit messages.
Mauczka et al. [11] manually defined a vocabulary to
classify commits as adaptive, corrective and perfective. A
similar work has been done by Levin and Yehudai [12]
who automated vocabulary expansion using machinelearning algorithms. They also refined the said 3
categories into several other, rather object-oriented
classes. The textual approach was applied by Sabetta and
Bezzi [13] but their research was focused on identifying
security-related commits. They also treated modifications
as text written in natural language, and used a small,
targeted training data set for their machine-learning
algorithm.
Levin and Yehudai's work was used as reference for
Hönel et al. [14] who exceeded syntactic analysis by
investigating the significance of code density in commit
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classification. Committing time has been identified in the
work of Eyolfson et al. [15] as another possible factor in
commit classification. Their research was focused on
separating buggy and correct commits.
III.

EXPERTISE MEASUREMENT

A. Background
Repositories, especially those of long-running projects
tell plenty about development history and workflow. It
creates an image of the gradual changes in the
architectural design of the software. When it comes to
maintenance and debugging, an emerging question can be
"Who can I turn to for an explanation of the logic,
structure and objective behind this code? Who is the
expert in it?". Recognizing developers’ knowledge in the
project also supports task distribution, and helps planning
quality assurance activities across the system lifecycle.
Developer expertise is intended to show a detailed
picture of the code comprehension and expertise of the
programmers in the project. If we consider smaller parts,
developer expertise can be measured in the extent of
comprehension of files, or even classes or functions. In
our research, we quantify developer competence as a
percentage value, which concerns one developer's
knowledge of a single file based on their share of
contribution. On a larger scale, it tells about each
programmer's knowledge of the architecture and modules
of a software which is the aggregation of their competence
values of the corresponding files.
The way we measure competence via the activity done
by the developer (editing the file) is based on the
experiences on comprehension assessment [16, 17]. If one
creates a new file, the creator developer's competence in
that moment – and for some time after that – is 100%. If
the file is modified by someone else, their competence
may be reflected by the type and amount of changes they
contributed.
Version control systems contain all the answers for the
above questions in their commit history in an implicit way
that requires meticulous analysis to be brought to the
surface. Commits provide all the information about who is
responsible for each line of code ever written for that
repository in their blame data. We consider one commit as
a unit in our calculation. The plugin parses a given
number of commits from the commit history, which are
then divided into deltas that represent the files modified
by the commit author.
B. Data Parsing
The competence plugin consists of a parser and a
service layer. The parser performs code analysis,
repository mining, and competence calculation via
software similarity checking. Fig. 1 shows the parser
workflow. The service layer provides various tree-based
diagrams of the data.
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Figure 1. The methodology of commit history parsing. The commit history of a Git repository is parsed commit-by-commit. We take the
diff tree (𝑑𝑐𝑗,𝑝𝑐𝑗) of each consecutive pair of commits (𝑐𝑗,𝑝𝑐𝑗), and analyze every file (𝑓𝑘) that was modified.

The precondition of parsing is to have a Git repository.
The parser also has to be provided with the number of
commits n to be parsed as input parameter. The starting
commit is the HEAD of the current branch. Once the
repository is found, we need to collect the modifications
done in the commits. We traverse through each commit in
topological and chronological order, look at the list of
modified files and calculate the quantity of modifications.
As mentioned before, we use JPlag which applies tokenbased comparison to compare every file in a commit to its
previous version [4]. JPlag provides a percentage of token
similarity, this shows the significance of the
modifications. A developer might have committed
multiple times to a file, and the modified file content of
commits might overlap in the file. In order to avoid
overestimation, we consider the commit with the highest
percentage value as the developer's expertise
measurement.
It is important to mention that Git differentiates
between the committer and the author of a commit, and
uses two timestamps for authoring and committing. For
example, when rebasing (squashing) multiple commits as
part of a pull/merge request, the committer usually
becomes the reviewer of the request, while the author is
the original user who wrote the code. To avoid distortion
of data caused by a different committer, we always
consider the commit author and the author date in the
calculation.
C. Commit Classification Methodology
JPlag provides a fair token-based comparison of two
files. If we look at the percentage results, we may also
classify the commits according to their significance.
Commit classification is a well-researched topic, however,
a great deal of research has been analyzing commit
messages to identify the type of the commit [11, 12].
Classification is also a language-dependent task which
makes automatic commit evaluation difficult. A software
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similarity checker is usually capable of processing
multiple languages thus it means a practical solution for
automated commit classification based on file content
change. Its results are also more reliable in file by file
evaluation where different types of modifications of
different significance can be made in the same commit to
each file.
Instead of classifying commits into various categories
like the above mentioned research, our aim is determine
whether a commit is significant, partially significant, or
insignificant. We deem a commit significant, if all
modifications are significant, partially significant if it
contains at least one modified file with significant
modifications, and insignificant if all modifications are
insignificant based on software similarity checking.
According to the work of Kawrykow [17], insignificant
modifications might make up to 15.5% of the overall
changes in a long-running software project. Such
modifications require little to no understanding which is
why we assort and ignore them in our calculation. They
are usually included in refactoring commits, e.g. identifier
renaming, adding, modifying or removing comments,
reordering code without modifying its content, and any
other refactoring that otherwise leaves the file
semantically unchanged. In practice, this means
modifications are ignored where the software similarity
result is 100%.
The computation was executed on a file level
granularity, then aggregated values for the directories
were also calculated which provide a more easily
interpretable result. Several languages, such as C++, Java,
or C# support the logical organization of projects: each
module is organized in its own directory.
IV. RESULTS AND DISCUSSION
The methodology has been tested on CodeChecker [5],
a static analysis tool built on the Clang Static Analyzer,
developed by Ericsson and Eötvös Loránd University. It is
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developed by a small group of constantly present
programmers and occasionally by student developers and
interns. CodeChecker is developed in multiple
programming languages, mainly in Python, C++, and
JavaScript, and other different file types occur such as
JSON files, Makefiles, shell scripts, etc. It is a decent test
project because of its many languages, reasonable amount
of modules, and stable base of developers.

48.2% of the time which is a fair result. They
overestimated their knowledge in 50% of the time, and
underestimated in 1.8%. The high value of overestimation
shows that developers on average have more knowledge
of the source code than the commit history data shows. In
order to be able to modify a file or a module, a
programmer has to know more of the content than the
actual code they contribute.

A. Experimental results
We analyzed the entire commit history of
CodeChecker using the competence plugin. The history
consists of more than 4 800 commits. The processed
commits consisted of 13 674 file modifications in total, of
which 3 263 (23.87%) were deemed insignificant based on
the software similarity checking (JPlag returned a 100%
similarity between the old and the new version of the file).
These modifications were omitted from further
processing. 334 commits (6.96% of the complete history)
were categorized completely insignificant based, meaning
all included file-level modifications were insignificant.

B. Discussion
As an answer to RQ1, software similarity checkers
provide promising results in identifying and filtering out
insignificant commits. However, the usage of binary
categorization of commits – significant or insignificant -provides an unsatisfactory result. A commit usually
consists of several files with different levels of
modifications. Therefore, all files cannot be treated
homogenously. In order to provide more refined expertise
values, we expanded our method to cover partially
significant commits as well, with a more detailed, filelevel granularity. Since similarity checking is evaluated
file by file, we were able to compute overall expertise
metrics without losing all information in a commit that
contained at least one insignificant modification.

We also conducted a test by collecting the main
modules of CodeChecker, and asked participants the
following question: "To what extent do you know the
source code of this module: module name?". 5 options
were provided for each question:
(1)

I have little to no knowledge of the source code.

(2)

I know how the module works but know little of
the actual source code.

(3)

I have structural knowledge of the source code.

(4)
I have a partially detailed knowledge of the
source code.
(5)

I have detailed knowledge of the source code.

The answer options correspond to a scale divided into
equal sections: (1) corresponds to 0-20% of source code
knowledge, (2) to 20-40%, (3) to 40-60%, (4) to 60-80%
and (5) to 80-100%. The questionnaire was filled by 8
developers which might seem like a small number but
related studies [18] show that the typical number of
members in a project team is 9 developers.
Table I. shows the results of mapping the results of the
plugin to the answers given by CodeChecker team
members. The self-declared knowledge estimated by
developers matched the results given by the plugin in

TABLE I.
Team member
Product owner
Core developer 1
Core developer 2
Core developer 3
Non-core developer 1
Non-core developer 2
Non-core developer 3
Ex-developer

Regarding RQ2, using the defined, equally distributed
scale in subsection A, the participants' answers deviated
by 18.05% on average. This number signifies that the
percentage scale should be recalculated to better fit the
actual knowledge of developers as well as the "unseen"
knowledge that is inevitable for contribution. The sections
on the scale do not necessarily need to be of equal size,
but further investigation is needed to define a more precise
calibration. It is worth noting that answers deviate from
plugin results mostly at the medium of the scale which
means the calculation is most capable of showing the most
and least competent persons in the given module. It is
easier to match with the lowest parts of the scale since a
developer presumably knows less about modules they
haven't committed anything to at all than the ones they
contributed to.
We have already discussed how we treat squashed
commits in practice. However, the calculation entirely
omits the committer who, in fact, might be possessing
more knowledge than their commit history shows. Using
the Git feature branching model or some similar type of
development pattern is a common practice in software
development teams. In such cases modifications are

QUESTIONNAIRE RESULTS

Matching answers
3
6
11
5
7
10
11
3
54

Overestimates
11
6
3
9
7
4
3
12
56

Underestimates
0
2
0
0
0
0
0
0
2

Table 1. The results of our questionnaire conducted among the developers of CodeChecker. 8 team members answered the questions which were
intended to collect their self-declared knowledge of each module. The participants had to classify their knowledge in the module's source code from 1
to 5, which was then mapped with their results of the competence plugin.
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hardly ever committed to the main branch, they are rather
written on separate branches. When a modification – let
that be some refactoring, a bugfix, or an entirely new
functionality – is done, the creator(s) make a pull request
or merge request to integrate their new code into the main
branch. It is also common practice that the author(s) of the
new code cannot merge their modifications directly to the
main branch, they have to wait for the review, and then
the change requests or approval of other developers from
the team [19]. The approved merge request is then usually
merged by one of the reviewing developers [20, 21]. This
means that reviewers have more knowledge of the source
code than the amount they have authored. This might
explain the overestimation of knowledge in parts of the
code to which the overestimating developer has never
even committed, or nearly not as much as their selfdeclared knowledge says.

were compared to the self-declared knowledge of
CodeChecker's developers. We found that the plugin
provides promising results that fairly correspond to reality,
considering the possible inaccuracy of a questionnaire that
is based on self-declaration. The plugin is a helpful tool to
better plan the usage of human resources, e.g. detecting
possible knowledge loss due to strong developer
fluctuation, or when source code related knowledge is
unevenly distributed between developers.

The research shows that there is a strong correlation
between a developer's extent of project-specific
knowledge and their commit history, adding that the
amount of contribution means some additional knowledge.
The amount of self-declared knowledge and the results
shown by the commit history are not directly proportional,
further refinement might be needed to get accurate results
from the percentage value.
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