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Abstract

Data science is a field of knowledge that exploits various
methods of collecting and analyzing data. It is increasingly
replacing traditional computational methods to explore new
software frontiers, particularly when data become the most
valuable resource. Nowadays, data-driven software appli-
cation development is getting more common and multiple
experts take part of the process, such as data scientists,
alongside software developers. Skills of data science pro-
fessionals are basically pillar for projects. Nevertheless,
locating someone who possesses strong technical skills as
a data scientist may be a difficult task because such data
are not easy to verify. This paper addresses this problem
by exploring the activity of software repositories, such as
commits, to identify technical skills of data scientists. The
provided data consisted of the results accumulated from 18
data science projects stored on GitHub that satisfied certain
criteria, such as number of stars, creation date, and com-
mit frequency. By analyzing these projects, we identified a
total of 69 data scientists. Accordingly, a data science pro-
ficiency measurement was then conducted by counting and
categorizing the number and types of changes applied based
on the metrics and profiles created. In such situation, the
outcome shows that Python is the most opted programming
language by data scientists.

keywords: Data Science, Mining Repositories, Expert
Identification.

1 Introduction

Data are the new currency in our modern era. This trend
is transforming software development into a data-oriented
sphere. Hence, the association of data scientists with soft-
ware engineers by their nature has to be indispensable for
the projects success [1l]. Data science professionals know
about the process of data science, and this is the secret to
the most successful software development projects. Never-
theless, the recognition of their skills is rather a complex
issue, being not a simple task [J3]].

The review of relevant literature shows a number of cru-

cial studies [1}[2],concerning software engineering and data
science. For instance, Kim et al. [3] explored the dynamic
role of data scientists at Microsoft and pinpointed the grow-
ing influence of data science in the context of software de-
velopment processes. With a different focus, Saltz et al. [§]]
examined the shift of software engineers into data engineer-
ing positions. In a different direction, Oliveira et al. [7] de-
veloped source code analysis models that are able to iden-
tify programming skills, but they do not focus on data sci-
ence expertise. Our work tries to extend the previous studies
by mining data science skills and measuring the level of pro-
ficiency in data science among the contributors to software
repositories. In this regard, our goal is to provide valuable
perspectives on the dynamic and ever-changing nature of
software engineering and the growing demand of data sci-
ence skills, which now need to be integrated.

This paper conducts a systematic investigation of data
science competencies as an aspect of software development,
through the application of a structured method to find and
assess the skills of contributors in 18 data science projects.
This research is conducted in three main phases. In the first
phase, the features of both projects and developers were
strictly chosen taking into account their relevance and rep-
resentation, thus a pertinent and representative sample was
collected. In the second phase, data extraction approaches
were performed to create the study dataset. For this dataset,
data science projects provided detailed information on the
frequency and nature of the modifications made on a reg-
ular basis. The final phase included data analysis of the
gathered data, leading to the stratification of developers who
demonstrated the best involvement in data science projects.
As a result of the exploratory analysis, the study was able
to discover important patterns and to provide more detailed
information concerning the level of expertise of these con-
tributors, revealing the gradual increase in the role of data
science skills in software development.

We observed that selected data scientists ad avery high
level of commitment to their projects, each making an aver-
age of 775 commits in two years. Besides, our research un-
covered Python’s dominance in data science projects, which

UIn this paper, we define "data scientists” as those who develop code in
data science projetcs.



further exemplifies the greater role that Python plays in the
field when looking at the analyzed projects. Python had
a total of 61.209 files modified, while TypeScript which
comes in second place had almost half that amount, 30.691.

The paper is organized as follows. Section[2]outlines the
research purpose. Section [3| presents the results. Section [
addresses potential validity threats. Section [3] reviews re-
lated work. Finally, Section [6|summarizes key findings and
suggests future research directions.

2 Study Design
2.1 Goal and Research Questions

This paper focuses on the discovery of fundamental
skills of data science professionals. Its primary goal is to
provide an outline and description of experts in data-based
fields who have had a major positive impact on data sci-
ence projects. To achieve this, we identify relevant reposi-
tories using metrics, such as the number of lines edited, the
number of commits made, and the number of files edited by
contributors. The following research questions were formu-
lated for the purpose of aligning the goal with our results

(RQs).

RQ1: How the selected metrics provide information on the
averages of data scientists’ individual contributions

RQ2: What are the characteristics of individuals identified
as experts in data science projects?

RQ3: Which programming languages are mostly used by
data science experts?

2.2 Evaluation Steps

We select 18 GitHub data science projects (see Table|T).
This dataset is used as a guide when choosing relevant data
science specialists for additional examination. We want to
make sure the dataset is inclusive and representative, includ-
ing a broad range of data science activities across many do-
mains and development processes. Therefore, we are look-
ing at a variety of repositories. Next, we examine the dataset
that we used in our study, utilizing metrics that were modi-
fied for evaluating data science expertise and were inspired
by prior research [7, [13]. Developer activity levels, code
contributions, and the extent of their involvement in the cho-
sen projects are all shown by these indicators. We employ
statistical approaches and visualization techniques to ana-
lyze the retrieved data. Through an evaluation process, we
aim to uncover meaningful patterns, identify skilled data
scientists, and gain deeper insights into the landscape of
data science expertise.

Table 1: Used GitHub repositories

Repository Stars Contributors
OpenMined/PySyft 9.2k 423
kedro-org/ 9.3k 211
goplus/gop 8.8k 39
Netflix/metaflow 7.5k 88
google/deepvariant 3.1k 24
quadratichg/quadratic 2.7k 22
colour-science/colour 1.9k 45
NannyML/nannyml 1.7k 29
apache/systemds 1k 180
visualpython/visualpython 799 6
LineaLabs/lineapy 653 21
googleapis/python-aiplatform 520 93
1BM/lale 320 25
nebari-dev/nebari 254 63
EpistasisLab/Aliro 219 20
mithril-security/bastionlab 165 12
vertica/VerticaPy 214 16
microsoft/MLOS 123 18

2.3 Dataset

From a starting pool of 629 projects that were automat-
ically searched on GitHub, we chose a subset of 18. By
utilizing the “explorer” tab and the keyword “Data Science
stars:>100", we were able to locate projects that had more
than 100 stars and a specific level of significance. A wide
variety of projects in terms of size, complexity, and applica-
tion domains were guaranteed by our criteria. Our goal is to
identify the top 20% of contributors who are highly engaged
with theses projects. By focusing on these key contributors,
we improve the research process for categorizing data sci-
ence specialists and optimize resource allocation. Figure [T]
shows the selection criteria, as we explain in the following.

Step 1: We looked for repositories with more than 100
stars on GitHub, indicating community engagement and
project impact, after searching for “data science”.

Step 2: We set a time restriction, requiring repository
to exist for a minimum of two years. This guarantees the
stability and maturity of the project, enabling a thorough
examination of each project’s development over time.

Step 3: We pre-processed to identify projects with high
development activity, choosing those with more than 10
active contributors to guarantee a representative sample of
contributors’ involvement.

Over than 100 stars At least 2 Years Significant Amount of Developers

Figure 1: Steps for Criteria Evaluation
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2.4 Used Technology and Metrics

We used the Python framework “Pydriller” [[11]] to ex-
tract and analyze data from software repositories.

We conduct a thorough study of the version control sys-
tem for the project and extract key metrics pertaining to the
contributions of the data scientists. We were able to collect
data from Pydriller, including developer emails, the quan-
tity of commits, commit messages, and the number of lines
added and removed for each commit. Pydriller provided
specifics on the files that each developer had edited, giv-
ing an understanding of the parts of the codebase that each
developer had worked on. The used metrics are: number
of commits, lines of code (LOC), and changed files. These
metrics are based on related literature [7]]. As explained be-
low, these metrics were selected because they can measure
various aspects of a developer’s involvement and expertise
in the project.

Number of Commits. This metric provides insights into
the frequency and extent of contributions made by contribu-
tors throughout the project’s lifecycle. We collect this met-
ric by iterating through the repository’s commit history and
recording the number of commits made by each contribu-
tor. The resulting dataset provides a quantitative measure of
a contributor’s active participation in the project over time.

Lines of Code. Quantifying the volume of code contri-
butions made by contributors is essential for understanding
their impact on the project’s codebase. To achieve this, we
analyzed the lines of code added and removed by each con-
tributors across the project’s commits. By iterating through
the commit history and examining the changes introduced
in each commit, we calculated the total number of lines
added and removed by each contributor.

Number of Changed Files. To capture this aspect, we
analyzed the number of files modified by each contribu-
tor. By parsing through the commit history and scrutinizing
the changes introduced in each commit, we count of files
modified by each contributor. The resulting dataset offers
insights into the diversity of a contributors’s contributions,
highlighting their involvement across different components
or aspects of the project. Additionally, by leveraging file
extensions, we were able to discern the programming lan-
guages associated with the modified files, providing supple-
mentary context to the developers’ contributions. For exam-
ple, if data scientists change .py files often, we assign the
Python language to their expertise.

By considering these 3 metrics together, we aim to com-
prehensively evaluate the expertise and contributions of data
scientists within data science projects. Together, they pro-
vide a multifaceted perspective on contributors’ activity lev-
els, coding skills, and impact on project development. This
holistic approach allows us to identify and recognize data
science professionals who demonstrate consistent, impact-

ful, and versatile contributions to data science projects.

3 Results

3.1 RQI1: How the selected metrics provide in-
formation on the averages of data scientists’
individual contributions ?

The following charts present the boxplot for each of the
metrics. The number of commits is a key indicator of de-
veloper productivity. Figure [2| shows that most develop-
ers have a median of more than 400 commits. There are
a few outliers with significantly higher numbers of com-
mits, with one developer having over 2,000 commits in the
last two years. The number of files changed is another
important metric. The analyses shows the median num-
ber of files changed is around 5000. There are extreme
cases where some developers have changed over 20,000
files, indicating a wide variation in contribution levels. Fig-
ure2]also presents the median number of LOC added is less
than 100K. There are notable outliers, with some develop-
ers adding over five million lines of code, which illustrates
the substantial contribution of a few developers.
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Figure 2: Data Scientists Metrics

Due to the variance of the outliers shown in the data sci-
entist data, our analysis on the top-10 data scientists based
on high averages in the 3 metrics presented. This strategy
allows us for a detailed examination of the most influen-
tial contributors. We have performed an exhaustive analysis
to distinguish these specialists based on their proficiency in
these metrics.

Figure [3| shows the commit distribution by individual
data scientists in their projects over the last 2 years. To
maintain the developers anonymous, we utilize “DS” fol-
lowed by a number. With 2,299 commits, DS1 is the most
prolific project, while DS10 has the fewest, with only 256
commits. This analysis of commit patterns offers insights
into the dynamics of development and individual contribu-
tions within these projects.
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Figure 3: Number of Commits by Data Scientists

Figure ] shows the LOC added by each data scientist to
their projects in the last 2 years. Notably, DSS5 contributed
over 5.3 million LOC, indicating significant impact, while
DS2 added 104,057 lines. This metric quantitatively as-
sesses code contributions, highlighting the varying scales
of individual efforts. The contrast between the highest and
lowest contributors underscores the diversity in engagement
and output among data scientists, providing a nuanced per-
spective on coding efforts within the analyzed projects.
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Figure 4: Lines of Code Added by Data Scientists

Figure[5]presents the analysis of 2-year contributor activ-
ity of the developers, showing the number of files modified
by each data scientist. DS1 had the most extensive impact,
modifying 22,134 files, while DS9 had the least impact, al-
tering 1,608 files. This figure details the scope of individual
contributions, highlighting the degree to which each data
scientist has impacted the project through file modifications.
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Figure 5: Number of Files Modified by Data Scientists

3.2 What are the characteristics of individuals
identified as experts in data science projects?

A total of 69 data scientists were subjected to analy-
sis. To classify them, certain categories were established.
A Progressive Data Scientist is characterized by a prefer-
ence for adding code to projects, with at least 60% of their
activity spent on additions and no more than 40% on dele-
tions. This group represents 53% of the analyzed data sci-
entists. The Conservative Data Scientist classification iden-
tifies those who contribute most to projects by removing
code, with at least 60% of their activity focused on dele-
tions and no more than 40% on additions, comprising 22%
of the total. Standard Data Scientists represent a balanced
approach, aiming to maintain equilibrium between code ad-
ditions and removals, with neither exceeding 60% of their
total activity; they make up 25% of the group.

Furthermore, the classification extends to language us-
age. Mono-Language Data Scientists predominantly use a
single programming language, with no more than 40% of
their work performed in a secondary language, accounting
for 68% of the data scientists. Conversely, Multi-Language
Data Scientists contribute in multiple programming lan-
guages, with at least 40% of their lines of code dedicated to
a secondary language in addition to their primary language,
representing 32% of the analyzed data scientists.

The majority of data scientists in our sample demon-
strated a progressive coding behavior (53%), followed by
those who adhered to a standard approach (25%). A smaller
proportion of data scientists were identified as conserva-
tive in their coding practices (22%). In terms of program-
ming language usage, a significant majority of data scien-
tists (68%) predominantly contributed using a single pro-
gramming language (Mono-language). Conversely, 32% of
the data scientists were classified as multilingual, indicating
proficiency in contributing to projects using multiple pro-
gramming languages. These findings offer insights into the
coding behavior of data scientists and can inform project
management strategies aimed at optimizing coding contri-
butions within data science projects.

We identified that data scientists who consistently score
high in at least 2 of 3 specific metrics qualify as experts.
Recognizing that expertise extends beyond technical skills
to broader engagement, we pinpointed developers with a
unique combination of skills, commitment, and influence
by focusing on these metrics. Table 2 lists the five most
active and collaborative data scientists based on specified
metrics. The first column identifies these top-5 Data Sci-
entists (DS), showing their activity across each metric. The
second and third columns detail the total lines of code added
and deleted by each DS, reflecting their involvement in code
optimization or removal of redundant segments. The fourth
column shows the total files modified, indicating contribu-



tions to various software components, while the fifth col-
umn records their total commits. Their sustained, active
participation marks them as influential data science experts,
highlighting their significant impact on project outcomes.
Based on their contributions to the project, DS1 emerges
as a significant contributor, having added 4,743,548 lines
of code (LOC) and deleted 5,506,873 LOC. DS1 has modi-
fied 22,134 files and made 2,299 commits, which are among
the highest numbers in all metrics. This can be associ-
ated with a change to the entire project code or a automati-
cally generated code. DS3 showcases a noteworthy balance
between the number of added and deleted LOC (522,918
and 395,256, respectively) and a considerable number of
changed files (15,923) and commits (834). DS2 and DS5
have moderate levels of involvement in their project, with
varying degrees of contributions across different metrics.
For example, DS3 has added 522,918 LOC, the lowest value
for LOC, but changed 15,923 files which is the second high-
est value, in addition to have made 834 commits. These
variations emphasize the diverse roles and contributions of
each data scientist within the project, underscoring the com-
plexity of data science roles within team environments.

Table 2: Overview Experts in Data Science

Del

DS Added LOC LOC #Changed Files #Commits
DS1 4,743,548 5,506,873 22,134 2,299

DS2 2,341,474 4,04,032 9,520 1,078

DS3 522,918 395,256 15,923 834

Ds4 5,387,978 4,001,774 4,618 568

DS5 2,750,528 270,874 6,338 256

3.3 Which programming languages are mostly
used by data science experts?

Our analysis of programming languages used by data
science experts provides a comprehensive view of their
preferences and trends. Unlike general examinations of lan-
guages used by traditional software developers [[12]], our fo-
cus is on the number of files modified by each data scien-
tist within data science projects. This detailed analysis re-
veals the linguistic preferences crucial to proficiency in data
science. Additionally, Python emerges as the primary lan-
guage, with significant proficiency also noted in TypeScript
and Rust.

Figure 6 illustrates the language proficiency of 5 se-
lected data science experts, showcasing the programming
languages each expert commits to. This analysis highlights
the diverse skill sets of each developer and is crucial for
understanding expertise distribution. It provides insights
into the team’s collective skills and areas of specialization,
serving as a reference for the language foundation of a data

science project. Notably, DS4 modified the most files per
language, with 2,714 in TypeScript, 1,083 in Rust, and 164
in JSON, indicating substantial involvement and versatility
across various programming languages.
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Figure 6: Overview Languages per Experts

4 Threats to Validity

The study presented in this paper has some limitations
that could potentially threaten our results, as we explain
next.

Construct Validity. Although quantifying data science
proficiency through GitHub activities might not adequately
represent its complexity, we addressed this by choosing a
variety of indicators to give a broader picture. This decision
is aligned with related literature [7]].

Internal Validity. We used a multifaceted selection strat-
egy that took into account project activity levels, diversity,
and popularity metrics like stars to mitigate selection bias
of GitHub projects. The goal of this strategy was to provide
a sample of projects that was more representative.

Conclusion Validity. In our study, although the selected
metrics may have led us to wrong conclusions, we chose
them based on related literature [7]. Moreover, cross-
discussions among the paper authors often took place until
we reached a common agreement about our main findings.

External Validity. Given the small sample size, we have
exercised caution when extrapolating our results. To im-
prove the generalization of our findings, future research
may expand on this study by involving a larger number of
contributors and projects.

5 Related Work

Kim et al. [S]] examined the changing role of data sci-
entists in software development using Microsoft as a case
study. They interviewed 16 data scientists from different
Microsoft product groups to learn about their jobs, edu-
cational backgrounds, and working methods. The authors
identified five working styles: Polymaths, Team Leaders,



Insight Providers, and Modeling Specialists [S]]. While Kim
et al. [3]] study focused on understanding the roles and tech-
niques of data scientists in teams, our research aims to rec-
ognize and measure data science proficiency among devel-
opers by analyzing software repositories. We offer a quan-
titative analysis of data science contributions within soft-
ware repositories, complementing Kim et al.’s qualitative
perspective. These studies deepen our understanding of the
evolving landscape of software engineering, where data sci-
ence expertise significantly impacts project dynamics and
outcomes.

Saltz et al. [8] investigated software engineers transition-
ing to data engineering roles using a case study at a big data
consulting firm. They found significant differences in the
skills and flexibility required for software engineering and
data engineering. While Saltz et al. [§] concluded that not
all software engineers have the necessary skills for data en-
gineering roles, our study provides further insight into the
specific skills and attributes prevalent among data science
professionals.

By identifying and quantifying these characteristics, our
research contributes to understanding the diverse skill re-
quirements within the data science domain, informing deci-
sions related to role transitions and development strategies.
These studies provide valuable insights into software engi-
neering, highlighting the multiple pathways and skill sets
shaping career trajectories in the field.

Oliveira et al. [[7] presented a study on the efficacy of two
source code analysis models (Changed Files and Changed
Lines of Code) in detecting programming talents. They an-
alyzed 110 GitHub developers to evaluate the accuracy of
these models in detecting hard skills, back-end and front-
end profiles, and testing. The study found that although
these models show promise, their accuracy is somewhat
poor, indicating that automated skill assessment techniques
need improvement [7].

While related work has investigated software engineers’
technical skills, these studies did not explore data science
elements in the contexts examined in this paper. Our re-
search focuses on using GitHub code metrics, such as com-
mits and changed files, to identify data science experts.

6 Conclusion

In this paper, we conducted a study with 18 data science
projects using mining software repositories to identify data
science experts. We analyzed specific metrics and focused
on 69 developers for deeper analysis, categorizing the main
contributors based on these metrics. This enabled a focused
examination of influential data specialists and their roles in
advancing data science projects. We also created profiles
based on selected metrics (LOC, Number of Commits, and
Changed Files) and the programming languages used.

Future research could extend this study by incorporating
a larger and more diverse dataset across various domains
and industries, helping to validate and generalize our find-
ings. Adding new metrics, such as code complexity and
review feedback, could deepen our understanding of exper-
tise in data science repositories. Additionally, examining
longitudinal trends could reveal how expertise evolves and
impacts project outcomes.
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