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ABSTRACT
The search for software developers with specific skills is an arduous
and expensive task. Nowadays, software developers report their
skills on freelance platforms and professional social networks, such
as Workana and LinkedIn. However, this information tends to be
sparse and difficult to compare. This paper presents EXTRACTPRO,
a tool that uses a Developer Information Provider (i.e., Workana)
and a Git Repository Provider (i.e., GitHub) to build a searchable
collection of developer profiles. This generated developer profile
contains self-declared skills in programming languages and mined
information, such as lines of code and commit count. In addition to
mining profiles, the tool provides a search by the skills with ranked
and visually comparable results. We demonstrate the proposed tool
by showing examples of use and evidence that the tool can find
developers with arbitrary skills. In complement to this paper, a
short video demonstration of EXTRACTPRO is also available12.

CCS CONCEPTS
• Software and its engineering → Software notations and
tools; • Social and professional topics→ Professional topics; •
Information systems→ Information retrieval;Web mining.

KEYWORDS
Mining Software Repositories, Mining Developer Public Profiles,
Software Skills, Expert Identification

1 INTRODUCTION
Both open-source and proprietary software systems have become
increasingly complex, involving several developers with different
sets of skills [15]. The search for software developers with specific
skills is an arduous and expensive task [19]. One option is trying to
find developers who contribute to open-source projects on social
coding platforms, such as GitHub [2]. Contributions to open-source

1https://www.youtube.com/watch?v=JtDTVheowv4
2https://figshare.com/articles/media/EXTRACTPRO_SBES_PRESENTATION/20054828
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software projects contain a large amount of technical skill infor-
mation about developers [21, 24], which can help identify suitable
candidates for a particular job position. However, this information
tends to be sparse and difficult to compare.

Nowadays, software developers have also reported their skills in
freelance platforms, such as Workana [9], and in professional social
networks, such as LinkedIn [5]. However, the reliability and accu-
racy of the information provided in such media are not guaranteed
[11]. For instance, some individuals can overvalue their skills and
omit some skills in a self-authored curriculum. Therefore, we need
automated support not only to find developers with specific skills
but also to cross-validate such skills by means of their contributions
to open-source software projects.

Previous work [14, 21] focused on mining developers based on
their contributions to open-source software projects but neglected
their profiles in freelance platforms. For instance, CVExplorer [14]
is a tool to extract, visualize, and explore relevant technical skills,
such as languages and libraries used, by mining data from GitHub.
Similarly, JExpert [21] identifies experts in specific libraries based
on source code activities from GitHub projects. However, as far as
we are concerned, neither CVExplorer nor JExpert cross-validate
information they mined from GitHub with skills reported in free-
lance platforms such as Workana. The use of freelance platforms
can be valuable because it provides collections of developer profiles
that contain self-declared skills and source code that one developer
showcase as a sample of their work. In this sense, the developer
probably chooses what information best represents its skills, know-
ing that it will be compared with other fellow developers. This
poorly explored kind of data source provides profiles that the au-
thor knowingly wrote for evaluation, giving a more fair comparison
between profiles in potential data analysis.

To fill this gap, this paper presents EXTRACTPRO3 a tool that
mines both open-source software projects and profiles in a free-
lance platform to build a searchable collection of developer profiles.
The current implementation of EXTRACTPRO supports Workana
as Developer Information Provider and GitHub as Git Repository
Provider. The developer profile generated by our tool contains self-
declared skills in programming languages from Workana 4a and
mined information, such as lines of code and commits count, from
GitHub. Besides mining profiles, the tool provides a search by the
skill with ranked and visually comparable results.

We demonstrate the proposed tool by showing examples of use
and evidence that the tool can find developers with a specified set of
skills. For this demonstration, we relied on EXTRACTPRO to search

3https://extractpro.jefflopes.dev
4https://www.workana.com/en/

https://doi.org/10.1145/nnnnnnn.nnnnnnn


SBES ’22, October 03–07, 2022, Uberlândia, Minas Gerais, Brazil G. M. Lopes et al.

for developers with programming skills in the top six most popular
programming languages. The number of search results heavily
depends on the Developer Information Provider and the number of
developers that provided a Git Repository Provider. Results indicate,
for instance, 51 developers in JavaScript who reported their profiles
in Workana and contributed to projects on GitHub by committing
thousands of lines of code in JavaScript files.

The rest of this paper is organized as follows. Section 2 presents
relevant background information about this researchwork, focusing
on metrics and data mined to build a developer profile. In Section 3,
we proposed EXTRACTPRO by describing its architecture and im-
plementation details. Section 4 demonstrates the tool use by means
of viability evaluation. This demonstration focuses on finding de-
velopers in popular programming languages. Section 5 highlights
some limitations of the current tool implementation, while Section
6 discusses related work. Finally, we conclude this paper in Section
7 while pointing out directions for future work.

2 DEVELOPER PROFILE
EXTRACTPRO aims to generate developer profiles with program-
ming skills information based on the developer’s self-declared abil-
ities and public repositories. The tool extracts two metrics in the
developer’s repositories to create a profile: lines of code and com-
mits count for each self-declared skills. This section describes details
about the generated developer profile.

2.1 Key Metrics
To cross validate the skills declared by a developer, the tool mines
all public repositories available to such developer. It then analyzes
all commits in which the developer is the author to find evidence of
the use of a programming language. For that purpose, the following
metrics are implemented by the tool.

Lines of Code (LOC)– defined by the sum of the number of all
added or removed lines of code in a given file. This heuristic is
relevant because it is evidence that the developer can understand
and edit a file written in a given programming language.

Commits Count– defined by the number of commits made by a
developer. It can provide a sense of consistency in using a given
programming language. These metrics are calculated by program-
ming language and used to get other relevant statistics, such as
Identified Languages (explained in Section 2.2).

LOC and Commits Count are used in conjunction to provide
an overview of the intensity of coding and consistency in a given
programming language. A developer frequency and consistency of
coding may indicate the knowledge of that code, as pointed out by
Fritz et. al [13].

2.2 The Generated Developer Profile
The generated profile is designed to contain information that may
be useful to assess their self-declared, developer’s skills, based on
publicly available data. The following information is provided in
each developer’s profile.

• Identified Languages– intersection between programming
languages that the developer declared to know and the pro-
gramming languages found by mining all their repositories.

• Total LOC– the sum of LOC of all declared languages across
all developer repositories.

• Total Searched Repositories– the number of mined public
repositories of the developer.

• Total Identified Commits– the number of commits, which the
developer is the author, identified across all repositories of
the developer.

• LOC Chart– a chart that shows the LOC per programming
language, extracted with repository mining.

• Commits per Language Chart– a chart that shows the number
of commits, which the developer is the author, per declared
language, extracted from public repositories.

3 EXTRACTPRO
This section describes how the tool was developed, the system
architecture, and the application workflow. Furthermore, low-level
details about the Data Mining Application, which is the core of
EXTRACTPRO, are presented.

3.1 Tool Architecture
EXTRACTPRO builds developer profiles and presents them in a
Web application. It allows search, chart visualization, and ease of
developer profiles’ comparison. Figure 1 describes an overview of
the tool architecture. The three main components of EXTRACTPRO
are described as follows.

Figure 1: High Level System Design

• Data Mining Application– it is the component, written in
Python 3, that extracts and builds the user profile. It gets
the inputs from the Developer Information Provider and the
Git Repository Provider and uploads the results to a rela-
tional database. The inner architecture used is the Extract-
Transform-Load [17], which defines three phases of the data
mining process. Section 3.3 presents the architecture and
implementation details of this component.

• Relational Database– MYSQL is used to store the developers’
profiles. It acts as an intermediary of data between the Data
Mining Application and the Web Application because the
data fetch and presentation are not synchronous.

• Web Application– This component comprises two sub com-
ponents: an Analytics API and the Application GUI. The
former is written in PHP 7.4, using the SlimFramework [7],
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which consumes data from the Relational Database and pro-
vides private endpoints for a front-end consumption. The
latter is written with HTML, CSS, JavaScript, and the VueJS
framework, which displays a Single Page Application that
allows search for developers by skill.

Data Mining Application is designed to be executed asynchro-
nously concerning the Web Application. The reason is that the data
extraction can take longer than an acceptable response time from
the front-end Web Application. Besides that, only the Web Appli-
cation and Relational Database must be running at all times, with
the Data Mining Application being executed in a specified time
interval (e.g., once a week) to collect new registered developers in
the Developer Information Provider.

3.2 High Level Workflow Overview
Figure 2 presents the steps taken by the tool to mine and extract
new information from the configured sources. There are two types
of information providers described below:

• Developer Information Provider–it refers to a resource that
contains available public profiles with developers’ names,
self-declared skills, and one or many links to publicly avail-
able repositories. For example, freelance platforms, such as
Workana [9] and Upwork [8], can be used as Developer Infor-
mation Provides because all required prerequisites for this
category are met. It can also incorporate social networks,
such as LinkedIn [5].

• Git Repository Provider– it refers to a resource that aggre-
gates public repositories of a given developer. Some common
platforms that can be used as Git Repository Providers are
GitHub [2], GitLab [4] and Bitbucket [1].

For a proof of concept, EXTRACTPRO uses one Developer Infor-
mation Provider,Workana, and one Git Repository Provider, GitHub.
The process to generate the developer profile starts with the data ex-
traction from the Developer Information Provider, Workana. In this
step, a search is made for developers that have an associated public
GitHub repository link, which is used to calculate the metrics. After
downloading all developers’ pages that meet that criteria, the tool
mines relevant information from the page, looking for self-declared
skills, self-description, and a link to the GitHub profile.

With the collected GitHub profile, all developer’s public reposi-
tories are downloaded and mined. The tool analyzes each commit,
from each repository, and calculates LOC and commits count, for
each file type. The matching between a programming language and
a commit or LOC is made by the file extension modified by the
commit. File extensions are associated with the given programming
languages via a handmade dictionary. For example, the language
PHP is mapped to the extension .php, the language Ruby is asso-
ciate with the extension .rb and so on. This dictionary was made by
the authors and it is specific for the chosen Developer Information
Provider, which has a limited list of skills. After the repository infor-
mation is collected, it is matched with self-declared skills, provided
by the Workana profile.

Finally, the information extracted from the Git repositories are
merged with the developer information. In this step, only the lan-
guages with LOC > 1 are saved into the final profile. Other metrics,
such as total search repositories, total LOC, and identified commits

are also recorded. The final step is to parse the data, organize them
into a relational schema, and upload it to a database

3.3 Data Mining Application Implementation
The DataMining Application is segregated into three modules: Data
Extractor, Data Transformator and Data Loader. Figure 3 presents
a visualization of this design.

Data Extractor– is responsible for downloading the developers’
information and associated repositories. To do that, the Informa-
tion Manager sub-component (Figure 3) is used to download the
developers’ profiles, extract the skills and repository information,
and download the developers’ repositories to be further analyzed.
This sub-component uses two interfaces: GitRepositoryProviderIn-
terface and DeveloperInformationProviderInterface, they are im-
plemented by the GitHubSourceCodeProvider and the WorkanaDe-
veloperInformationProvider. The given component design exists
to allow a relatively easy implementation of other Git Repository
Providers and Developer Information Providers. The implementa-
tion details of each information provider implemented are given as
follows.

• WorkanaDeveloperInformationProvider– uses Selenium and
BeautifoulSoup to emulate a Web browser and extract the de-
sired information, while being compliant with the robots.txt
file of the Workana platform. The robots.txt file provides
politeness specifications for tools that automatically collects
data.

• GitHubSourceCodeProvider– uses the GitHub API to down-
load and retrieve repositories lists. This Git Repository Provider
imposes an API call limit that may slow the metrics extrac-
tion process.

Data Transformer– is responsible to perform data mining op-
erations in the collected repositories and join the extracted met-
rics with the collected developers’ information. It is composed of
three sub-components: Source Code Analyzer, Source Code Statis-
tics Filter and Analytics Joiner. Source Code Analyzer sub-module
transverses all git repositories, of a given developer, and calculate
the LOC and commits count for each found file extension, in each
commit that the developer is the author. Source Code Statistics
Filter module associates the files extensions with the self-declared
skills and aggregates the raw data. Finally, Analytics Joiner, joins
the developers’ repository metrics with other data provided by the
Developer Information Provider.

Data Loader– is responsible for parsing the collected information
in a relational format. The data are splitted in three relational tables:
developer, developer_has_languages and languages. The developer
table contains the developer’s name, role, self-description, searched
repositories count and the URL that contains the scrapped informa-
tion (i.e., GitHub andWorkana profiles). The developer_has_languages
table contains a row for each developer-language pair combina-
tion with the LOC and commits count found. Finally, the languages
table contains names of the associated languages. In order to per-
form such operations, it uses a main sub-component, Analytics
Reader and Uploader, that interacts with a desired database with
the Database Interface.
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Figure 2: High Level Workflow Representation

Figure 3: Component Design of the Data Mining Application

3.4 License
EXTRACTPRO is under Apache License. It allows the use and dis-
tribution of source code in both free and proprietary software, in
any project.

4 TOOL DEMONSTRATION
This section showpratical results fromusing EXTRACTPRO, demon-
strated with data tables and figures .

4.1 Generated Profile Example
Figure 4 presents EXTRACTPRO generated developer profile. This
figure shows the developer identified name (in Figure 4, the de-
veloper name is omitted to preserve the developer’s anonymity),
textual self-description, the sources of the collected information for
this specific developer, and the statistics described in Section 2. The
exemplified profile can be found searching for any of its identified
languages (i.e., JavaScript, HTML5, CSS3, and others).

4.2 Viability Evaluation
To assess the tool, various searches were performed in EXTRACT-
PRO with the top six most popular programming languages. The
languages list was obtained from the PYPL index [6] for the month
of May 2022. Table 1 presents a summary of the search results per
searched language 5.

The number of search results heavily depends on the Developer
Information Provider and the number of developers that provided
a Git Repository Provider. As this demonstration uses Workana,
it is possible to infer from the search statistics that Python and
JavaScript developers share more public repositories to showcase
their work than C# and C/C++ developers. Furthermore, the profiles
found in the search results for each language may appear in other
searches because a developer can havemultiple identified languages.

5The C# programming language, which is in the top six ranks, has been omitted in the
Table 1 because no developers with that skill were found
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Figure 4: Profile Example

Table 1: EXTRACTPRO’s Search Result Statistics

Programming
Language

Total Search
Results

Total Analyzed
Repositories

Total Analyzed
Commits

Python 20 302 1301
Java 8 151 71
JavaScript 51 1068 9573
C/C++ 6 60 5955
PHP 23 456 7160

Table 2 presents the top three profiles in a search that have both
JavaScript and PHP as identified languages.

Table 2: Search Results for Profiles with PHP and Javascript
as Identified Skills

Developer
Id

KLOC Commits Count
JavaScript PHP JavaScript PHP

Dev 1 15.494 5.916 865 2.294
Dev 2 1.168 2.552 480 222
Dev 3 1.413 1.049 70 38

A search made in the Application GUI presents the LOC and
Commits Count, for each desired language, in each profile, allowing
for a quick comparison between the results. That way, the tool
provides the user with an analytical way to prioritize profiles based
on the desired skills. The profiles are sorted by the total LOC of the
searched languages.

5 LIMITATIONS
This section presents limitations of the tool, that may impact on
potential use cases or threats the collected data vailidity.

Capacity of the Information Providers: The implemented
information providers have particular limitations. Workana, for
instance, presented less than 200 developers with GitHub profiles
in their description when a search was made. This low amount
of results may indicate the need of more Developer Information
Providers to provide better results. GitHub, on the other hand, limits
the amount of calls to its API to a rate of 60 calls per hour [3]. This
factor can largely decrease the extraction speed of EXTRACTPRO.

Third-Party Code: The tool has no method to identify if a com-
mit contains third-party code (i.e, code that the developer submitted
but it is not the author). For example, a developer could commit a
JavaScript library that contains 500 new lines of code, and it would
be accounted as their contribution. Likewise, it could commit a
colleague code in their account, and the result would be the same.
Besides that, the effort to fake desirable traits in the GitHub profile
may be high enough to make such forgery unlikely [18], but it is
still a possibility. Methods to identify public libraries or software
could be used to mitigate this problem.

Commit Author Identification: When identifying if one com-
mit belongs to a developer profile, the tool searches for the GitHub
username in the commit’s author field. Because the Git author field
has no mandatory connection to the GitHub email or username,
multiple commits could not be safely linked to the author, and they
are not included in the results. This problem could only be solved
if the developer informed other usernames or emails that it used to
make commits.

6 RELATEDWORK
Many works mine the programming skills of developers from
GitHub [12, 14, 21, 22]. JExpert [21], for instance, is a tool that mines
library experts using public available Git repositories. Another
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approach by Amandoru and Gambage [10] presented a general-
purpose evaluation of social networks as a recruitment tool for
Human Resources (HR) professionals. The study results suggested
that LinkedIn is the most well-known tool for recruiters that use
social networks. Teyton et al. [27] performed a syntactical analysis
of developers’ commits to measure their expertise in third-party
libraries.

Another approach is a tool named CVExplorer [14]. CVExplorer
is a tool to extract and visualize developers’ skills data from GitHub,
including skills in programming languages, libraries, and frame-
works. The skills are mined from the project’s READMEs and com-
mit messages. Our work is complementary to CVExplorer. However,
our tool can compute programming skills differently than CVEx-
plorer because we do not view only README files. We run commits
and lines of code of the repository developers. Other tools, like Ex-
pertise Browser [20], focus on mining metrics from developers’
repositories for specific company domains. Our work extends Ex-
pertise Browser because it provides a more general approach, allow-
ing the implementation and use of arbitrary Information Providers.
Finally, EXTRACTPRO’s generated profiles differs from other tools’
profiles [26], which relies on social validation of skills, and instead
provides key metrics to assess the developer’s abilities.

7 CONCLUSION AND FUTUREWORK
In this work, we presented a tool to find experts that relies on
two sources, Developer Information Providers and Git Repository
Information Providers. The presented approach complements the
current methods by using the developer’s self-declared skills and
cross-validating them with the mined metrics. We also demon-
strated EXTRACTPRO capabilities by using Workana as a Devel-
oper Information Provider and GitHub as a Git Repository Provider,
in which the tool could build search results with developer pro-
files that contain 5 out of 6 most popular programming languages.
The results indicate that it may be viable use with an arbitrary set
of Developer Information Providers and Git Repository Providers
to mine developer experts across the internet using these kinds
of sources. To complement our results, we plan to work on the
following topics in future work.

Improve the diversity of the Information Providers – To sur-
pass the low quantity of results that could be obtained by mining
Workana, another complementary Information Provider, most likely
LinkedIn, will be added to the tool. Besides the Developer Infor-
mation Provider and the Git Repository Provider, a Community
Question Answering Provider should be added to provide a robust
metric in which Stack Overflow, for example, could be mined. As
stated by Huang et al. [16], the usage of this approach alone can
give a precision up to 80% in indicating experts.

Improve the key metrics– The Usage Expertise [25], which mea-
sures the frequency that a developer calls API methods, can be
used to enhance the developer profile since it requires little commit
history to indicate experts. Furthermore, metrics based on static
code analysis can stipulate the software quality produced by a given
developer [23], and it is a relevant indicator to be presented in the
generated profile.
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