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Abstract—Open Source Software for Social Good (OSS4SG)
projects are projects that address a societal need and target
people who need help. These projects often address high-impact
humanitarian causes such as curating local health resources
during a global pandemic, informing the public on the structural
integrity of buildings, and encouraging civic engagement in
times of strife. These projects carry a high intrinsic reward for
contributing but are hard to find—prior research has shown that
one of the the top challenges for contributors is not knowing
where to find good projects to work on. Currently, contributors
must manually search and assess whether projects align with
their growing technical skills and intended impact interests.

In this paper, we describe a recommendation system that
automatically recommends OSS4SG projects for contributors
based on their activity and project-related information. To score
and rank projects, we calculated scores based on four signals:
technical skills, interests, social ties, and recency of project
activity. We performed an offline validation of the recommen-
dation system using standard evaluation metrics such as the
hit rate ratio. Results show that the signals are effective in
producing a ranked list of OSS4SG projects for contributors,
with room for improvement. Finally, we conducted a formative
study with contributors to better understand their process of
project discovery, validate our findings, and identify additional
signals for future work to improve recommendations.

Index Terms—OSS, open-source, social good, open source for
social good, recommender systems

I. INTRODUCTION

OSS has a sustainability problem due to long-time contrib-
utors transitioning out of projects [1] and existing contrib-
utors lack of interest to stay engaged [2]. Many developers
have found themselves at a crossroads where many tools
our technology-driven society depend on do not have the
developers to keep them not only surviving, but thriving [3].
This is especially the case in high-stakes projects such as Open
Source Software for Social Good (OSS4SG), where there are
real people depending upon these resources [4], [5]. One such
project is Public Lab 1 which is a community and non-profit
working on democratizing science and giving citizens the
tools they need to monitor their local air quality and disaster
response. Another is Reach4Help 2 whose goal is to connect
global citizens with local volunteers and help organizations

1https://publiclab.org
2https://reach4help.org/
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Fig. 1. Recommendation System Overview

when they need it most. But how do we keep projects like the
aforementioned sustainable? Two approaches we have taken
are to 1) detect and surface important skills it takes to be a
successful contributor [6], [7] and 2) to help these projects
retain the talent they already have [8]. Although these are
helpful, there is still a key question we have yet to explore:
how do we get projects access to the contributors they need to
keep growing and evolving? Literature has shown that there
are multiple roads to success in OSS [9] and that will to help
others is a strong motivator [10]. Our goal is help connect
contributors interested in having this type of impact with the
opportunities to do so.

To help support this process of finding projects, we built
a recommendation system for contributors to identify these
projects. Prior literature has indicated that recommendation
systems in software can serve as resource to help devel-
opers navigate new ways of working [11]. Thus, we built
ReBOC, which stands for Recommending Bespoke OSS to
Contributors. In this tool we use four core signals to make
meaningful recommendation to contributors: 1) their previous
programming language experience in other projects, 2) topics
covered in previous projects they contributed to, 3) their
relationship with collaborators, and 4) their recent contribution
activity. These signals are strategically based on high-visibility
attributes that developers have been inclined to use when
navigating the process of deciding to contribute to a new
project. Building a tool that can factor in social impact as
well as broader OSS project selection factors presents a unique
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opportunity to support the general OSS community and those
in the niche. To evaluate the usefulness of these signals used in
ReBOC, we conducted both an offline validation and formative
study with recent OSS4SG contributors. From our offline vali-
dation, we find that signals such as the recency of contributions
has had the highest hit ratio (in isolation and when combined
with other signals) in successful project recommendations.
From our formative study, we find that the majority of our
participants were satisfied with the recommended projects
and provided rich insights into their personal strategies for
identifying projects.

This paper makes the following contributions:

• ReBOC, a tool that uses multiple activity-based signals
to recommend OSS projects to contributors (Section III).

• An initial evaluation of ReBOC with an offline validation
(Section IV) and open source contributors (Section V).
ReBOC’s hit rate is up to 63.0% for the Top-20 projects.

II. BACKGROUND

As the concept of OSS grows in popularity so has the
challenge of identifying opportunities to contribute. To help
mitigate some of the challenges, many organization have tried
their hand at amplifying opportunities to newcomers. For
instance, tools like GoodFirstIssue.dev [12], Codetribute [13]
and FirstTimersOnly.com [14] curate and highlight tasks in
popular open source projects to find reasonable first con-
tributions for newcomers. Empirical investigations into the
challenges of experts recommending tasks to newcomers in-
clude challenges identifying newcomer interests, expertise,
and previous contributions [15]. Likewise, Prana et al. pro-
pose a project recommendation that considers a variety of
community engagement quality, contributor demographic, and
social activity metrics [10]. In a similar vein, Qiu et al. take
mixed-methods approach to understanding the attributes that
contributors look for when identifying these projects finding
that a combination of easily quantifiable activity and more
challenging to assess factors of openness played a significant
role in selection [16]. Overall, these approaches highlight the
strategy that goes into identifying the first task and project.

To supplement these individually curated resources, there
are also tools that researchers have built to automatically
track and recommend projects. For instance, Hu et al. used
language-specific popular repositories to track monthly trends
of OSS activity [17]. Further, Badashian et al. used a similar
interpretation of popular influence to understand how rela-
tionships drive what projects people decide to work on [18].
Taking a more behavior-centric approach, Liu et al. identified
project features and developer experience to recommend OSS
projects [19]. Likewise, Zhang et al. has used developer
interaction behaviors such as project membership to provide
recommendations [20]. We build on these approaches where
we combine project-specific attributes and developer-specific
experiences that highlight the goals of a project to recommend
projects.

III. REBOC: THE RECOMMENDATION SYSTEM

In the following section, we describe the data collected,
signals analyzed, and scoring process that goes into our tool.
Figure 1 shows an overview of the recommendation tool.

A. Data Collected

To build our dataset of core projects, we gathered activ-
ity from participants from Huang et al.’s dataset on OSS
projects [21]. We will call this set Input-Projects. We used
this dataset of projects as it is one of the most recent datasets
of open source for social good projects. From these projects,
we then gathered project and individual participant data from
the GitHub REST API [22] and GHTorrent [23]. We collected
commits of each contributor the project, project descriptions,
and topics. Likewise, we gathered the commit history of
individual contributors to their other projects as well as the
project descriptions and topics of other OSS projects they have
worked on.

B. Signals Analyzed and Signal Scoring

To build our recommendation system, we then used the
collected metadata to measure signals of activity. We intention-
ally selected high-visibility signals available from a GitHub
repository page that a contributor would likely review before
selecting a project to work on. We used the following 4 core
signals:

a) Language Profile: This signal aims at understanding
the technical skills of OSS contributors [6]. For simplicity,
we focused on the programming languages that each con-
tributor used. To compute this signal, we used Linguist [24]
to classify all the files a contributor has interacted with.
Linguist is GitHub’s open source tool for highlighting the
languages contributors have used in repositories as shown on
the GitHub.com profile. To calculate a language score we
used the following equation |CL ∩ PL| ∗ PL weight; where
CL is contributors languages used, PL is candidate project’s
language, and PL weight is the ration of number of PL files
to total number of files.

b) Interests Profile: This signal includes the project
descriptions and topics. The interest profile included the title
of the project and the self-reported description of the project.
We calculated the score by using TF-IDF (Term Frequency-
Inverse Document Frequency) which is a simple bag-of-
words approach where we represent the description/topics as
word vectors so that we can calculate similarity between a
contributor’s corpus and the candidate project’s description and
topics. To calculate a score for the interest profile, we used the
following equation Avg(TF-IDF Similarity(CD,PD)); where
CD is the contributed project description and PD is the
candidate’s project description.

c) Social Ties: Contributors are more likely to contribute
to previous collaborations as observed by Gerosa et al.’s work
on what drives contributors [25]. We calculated a social tie
score using a similar strategy as Liu et al. [19]. The score was
the number of collaboration projects divided by the number
of projects someone contributed to. Essentially this score
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Fig. 2. Top k hit ratio percentage of project recommendations.

measures how often contributors have collaborated with the
project owner in the past. A project is ranked higher if a
contributor has collaborated more frequently with a package
owner in multiple projects.

d) Recency: Contributors may prefer to contribute to
active projects with recent activity. To look at recency, we use
project commits as a proxy. We used the following equation to
calculate a recency score 1/(OT−LCT) where OT is the time
the recommendation is made and LCT is the latest commit
time of the candidate project. If there is a big gap between
the two times, then there is a lower score and the project
is less relevant. If there’s a small gap, then there is a higher
score and the project is more relevant. We use days to measure
the time difference. For the offline experiments, we used as
recommendation time, either the time of first commit to a
candidate project or if not available, the time of the first
commit in to a project in Input-Projects.

C. Recommendations

The final step of ReBOC is to use the information gathered
in the signals analysis and scoring phase to make project
recommendations. The tool first computes all individual signal
scores and then aggregates them into a final cumulative
score. This score is then used to rank the OSS4SG projects.
Currently recommendations are presented in a CLI, but can be
presented in multiple forms. For this paper, we tested different
configurations of ReBOC: each signal in isolation and several
signal combinations with a cumulative score (see Section IV).

IV. THE OFFLINE VALIDATION

To test the effectiveness of the signals used, we conducted
an offline validation of the project recommendations. To con-
duct this evaluation, we split our projects into a training set and
a testing set. The training set consisted of the 292 contributors
and the projects they contributed to before contributing to
one of the OSS4SG projects we originally identified them
from. The test set includes all 432 OSS4SG projects (gathered

by [21] from [5], [26]) we want to recommend based on our
analysis. Finally, to mitigate data leakage we inspected both
datasets to ensure no overlap of data.

For the offline validation of our tool, we computed rec-
ommendations on all contributors and calculated the hit ratio
percentage for the top k recommended projects lists (e.g., Top
5, 10, 15, 20). We calculated the hit ratio as the number of
users whose target project is listed in the top k list divided by
the number of total users. For example, assume that we have
two users, zendaya365 and kasey456, and we are looking to
see if there is a hit in the Top 5 of projects. We enter their
username in the tool to create a list of recommend projects.
For zendaya365, the tool recommends a project in the Top 5
that zendaya365 later contributed to, therefore we consider
this recommendation a hit. For kasey456, the Top 5 does
not contain a project that kasey456 worked on (no hit). This
example would result in a 50% hit ratio (1 successful hit out
of 2 recommendations made).

In the offline validation, we calculated the hit ratio percent-
age for each signal in isolation (Figure 2.a) and cumulatively
(Figure 2.b) across the top k recommended projects. In both
figures across recommendation lists, language profiles alone
resulted in the lowest hit ratio. Likewise, the interest profile
alone (8.6%) or even when combined with the language profile
(13.4%) only marginally improved the rate of success. Gener-
ally we see that the hit ratio does improve as we incrementally
add signals. Overall, as an isolated signal or in combination
with the other signals, the recency signal achieved the highest
hit rate getting up to 63% in the Top 20.

V. FORMATIVE STUDY

For an initial evaluation of the ReBOC tool, we conducted
three semi-structured interviews. We solicited participants
from contributors to OSS4SG projects on GitHub. From the
432 OSS4SG projects, we randomly selected contributors for
whom we could recommend at least one relevant project with
high confidence. We invited 48 contributors to participate in



an interview but only three accepted. In each interview, we
asked the participants C1, C2, and C3 how they go about
discovering projects (signals), what kinds of pain points they
have, and general preferences of what should be part of a
personalized project recommendation. We then showed two
projects and asked participants if they would contribute (or
not) and why. The two projects were personalized for each
participant. The first project was predicted to be relevant by
ReBOC, the second project was predicted to be not relevant.

A. Results

Participant C1 was driven by learning by doing and wanted
to learn by contributing to an open source project. The signals
that were important to C1 when selecting projects were the
organization and the owner as well as the reputation behind he
owner. In addition, C1 valued active projects and was looking
at the most recent commit time. Other signals important to C1
were README files and the contribution guide. C1 preferred
project recommendations based on relevant languages that
they have used. C1 suggested using collaborative filtering for
recommendations (“devs that use package A also use package
B”). C1 mentioned that projects outside of their direct interest
can be inspiring, even when they don’t necessarily contribute
(“my friend’s project made me want to pick up Arduino”).

Participant C2 was a goal driven contributor. They wanted
to find projects that they can use for their own projects,
because most of the time they were maintaining their own
projects. The signals that C2 mentioned were very similar to
the signals mentioned by C1. The main difference was that
C2 additionally looked at the comments within the GitHub
issues and pull requests. This was to gauge how well the main-
tainers are handling outside contributions. C2 also thought
that filtering based on relevant languages is important. but
was also interested in projects in similar languages. C2 was
open to project recommendations outside their main work
(“Sometimes, I am interested in projects that aren’t about
maps like frontend libraries in JavaScript”). C2 pointed out
that toy projects are a pain point when selecting projects and
having a way to filter out toy projects would be useful.

Participant C3 was passionate about social good projects
and worked on several OSS4SG projects and even started one
in their own country. The signals were similar to C1 and C2.
This participant also looked at closed issues when where they
were trying to decide which open issue to work on. They
did this because they wanted to see how successful the issues
were in getting resolved. This suggests that C3 values the
community and organization behind a project. C3 did not
want projects recommended to them based on the projects
that they’ve recently worked on and instead was looking for
novelty (“People get bored by the same types of projects”).
C3 also suggested that it would be good to know which
community a project belongs to (“You will find a pattern of
what kind of people work on certain projects . . . we behave
the way how our surrounding behaves”).

TABLE I
WOULD PARTICIPANTS CONTRIBUTE TO A PROJECT?

C1 C2 C3

Relevant project (expected: X) ? X X
Irrelevant project (excepted: ×) × × ×

B. Takeaways

We showed each participant two projects identified by
ReBOC and asked whether they would contribute to the project
(see Table I). For the related projects, C2 and C3 said that they
would contribute (X). While C1 was interested in the recom-
mended project, C1 was unsure about contributing because the
most recent commit in the project was not recent and several
months ago. For the unrelated projects, C1, C2, and C3 were
not interested in contributing (×). Even though this is a small
sample size, it suggests that ReBOC can effectively distinguish
between relevant and irrelevant projects for a contributor.

The interviews suggested that different personas (learning
by doing, goal driven) might affect how contributors search
for and select projects. Social and community aspects are
increasingly important (C1 and C3). Issues and pull requests
were used by several contributors to select projects (C2 and
C3). The participants pointed out that the location of recom-
mendations is important. While GitHub does have a page to
explore projects, both C1 and C2 were not aware of the page.

VI. LIMITATIONS

We acknowledge that there are several limitations to this
work. Additional signals or different ways of measuring the
signals could have been used. For this paper, we primarily
focused on signals that the contributor would see when they
first come across a project on GitHub. The dataset for the
experiments was relative small with 432 total projects and
only 292 contributors who had enough data available. Scaling
up this research and evaluating on a larger sample will be
an important next step. And finally, the number of interviews
was too small to identify general themes and trends. Addi-
tional interviews may provide additional insights into how
contributors look for projects and lead to either new signals
or combinations of existing signals.

VII. CONCLUSIONS

Research has shown that finding good projects is a challenge
for contributors. To help contributors find projects that align
their interests and skill, we describe a recommendation sys-
tem that automatically recommends OSS4SG projects based
on four signals: technical skills, interests, social ties, and
recency of project activity. To test the effectiveness of the we
conducted an offline validation and solicited feedback from
OSS contributors through interviews. While the results are
encouraging (up to 63.0% hit rate for Top-20 projects), there is
still room for improvement. We expect that additional signals,
more sophisticated recommendation algorithms, and additional
feedback cycles for contributors will lead to more effective
recommendations in the future.
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