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Abstract—Background: Solidity is the primary programming
language used for developing smart contracts on Ethereum, rep-
resenting a new generation of programming languages developed
entirely in open environments.

Objective: This longitudinal case study examines contribution
patterns and emotional dynamics within the Solidity GitHub
repository over a ten-year period (2014-2024).

Method: We developed a contribution index combining metrics
from developer activities (commits, pull requests, comments, and
temporal engagement) and applied emotion detection to study
communication patterns in a decade-long dataset of developer
interactions.

Results: The top 1% of contributors are responsible for around
85% of project contributions, yet the project exhibits dual
paths to prominence: early contributors established technical
foundations through code, while later contributors achieved
influence through reviews and discussions. Emotional patterns
show transitions from initial curiosity and confusion to eventual
approval and gratitude.

Conclusion: The project’s recognition of diverse contribution
types and evolving emotional dynamics enables sustainable
growth despite concentrated contributions, demonstrating how
open-source languages can evolve while maintaining both tech-
nical rigor and community engagement.

I. INTRODUCTION

Open-source software (OSS) development relies on con-
tributions from a diverse, global community of contribu-
tors. This collaborative approach has led to the creation
and maintenance of widely used software, driven by con-
tributors from different countries, backgrounds, and expertise
[1]. However, the decentralized and often anonymous nature
of OSS contributions introduces challenges in maintaining
productive and respectful communication among contributors.
Misunderstandings, conflicts, and unprofessional behavior can
disrupt collaboration, hinder project progress, and affect the
community’s overall well-being [2]. A healthy development
environment can promote long-term contributor retention, fa-
cilitate knowledge transfer, and attract new participants, while
a toxic or unproductive environment may lead to contributor
burnout, reduced participation, and ultimately threaten the
project’s longevity [3], [4]. A key aspect of this study is the
focus on a programming language repository, rather than a
repository for a traditional software system [5]]. Studying the
dynamics of a language like Solidity introduces challenges and

opportunities for research. Unlike typical system development
projects where the goal is to build a specific application or tool,
contributors to a programming language are engaged in de-
signing and evolving the language itself. This requires a higher
level of expertise, as contributors must deeply understand both
the technical and conceptual foundations of the language.
They are tasked with shaping its syntax, functionality, and
ensuring its long-term viability in a highly technical field
such as blockchain. This makes language development distinct
from traditional software systems, where contributions may
not always demand such extensive background knowledge.
Contributors in a language repository must handle complexi-
ties such as ensuring backward compatibility, managing fea-
ture requests, and addressing security considerations that are
critical in the context of blockchain technologies.

The Solidity repository exemplifies a unique characteristic
of emerging blockchain technologies: the intersection of tech-
nical complexity and accessibility. While core development
demands expertise in both language design and blockchain
technology, Solidity’s JavaScript-like syntax and focused use
case in smart contracts maintain a low entry barrier. This
accessibility, coupled with Web3’s growth and opportunities,
has promoted widespread community engagement. Unlike
traditional programming languages developed in centralized
corporate or academic environments, Solidity represents a new
generation of languages evolving in transparent, decentralized
spaces. This model, combining open development with prac-
tical blockchain applications, offers insights valuable beyond
Web3—particularly as domain-specific languages emerge for
Al, quantum computing, and privacy-preserving computation.
Solidity’s community-driven development directly shapes the
ecosystem of decentralized applications and smart contracts
built upon it [6]], [7], making it an ideal case study for
understanding how contributor dynamics influence broader
technological ecosystems. In this longitudinal case study [8]],
we examine developer communications within the Solidity
GitHub repositor)ﬂ over a decade (2014-2024) 9], [10]]. Our
analysis is centered on a contribution index we define, which
serves as a high-level measure of developer involvement by
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combining multiple dimensions of participation [11].

The contribution index aggregates various metrics—such
as commits, pull requests, comments, and issues—to rank
contributors by their overall impact on the project. This
index provides a basis for answering our two first research
questions and also allows us to quantitatively assess the
patterns of contribution within the Solidity community. While
we demonstrate the index’s effectiveness using the Solidity
repository as our first case study, its design is language and
domain-agnostic, making it applicable across diverse open-
source projects. This approach to measuring contributions
could help other OSS communities better understand their
contributor dynamics, identify emerging leaders, and develop
targeted strategies for sustainable project growth. The index
provides a basis for answering our research questions about the
Solidity community but also introduces a new framework for
quantitatively assessing contribution patterns in open-source
software development more broadly.

We focus on answering the following research questions:
RQ1: What is the distribution pattern of contributions in
the Solidity project? We aim to understand how development
efforts are distributed among contributors, which has impli-
cations for project sustainability and community dynamics.
Understanding this distribution is important for assessing
potential risks and opportunities in the project’s governance
model.

RQ2: How do the timing and patterns of initial participa-
tion influence contributors’ pathways to prominence in the
Solidity project? This question explores whether the project
is open to new contributors rising to prominence over time or
if it is dominated by early joiners.

RQ3: What distinct patterns of emotional expression
emerge among contributors in the Solidity repository?
Understanding the emotional tone of contributors commu-
nications provides insight into the social aspects of their
interactions.

RQ4: How do emotional expressions evolve over time?
By analyzing how emotions change over time, we seek to
understand the long-term emotional trends within the commu-
nity, as well as any significant shifts that may coincide with
changes in the project.

To promote transparency and reproducibility, we have made
our complete analysis pipeline and datasets publicly avail-
able in a replication package [link]. This package includes
the raw data collected from the Solidity repository, our prepro-
cessing scripts, the implementation of our contribution index
calculation, and the emotion analysis code.

II. RELATED WORKS
A. Contribution Patterns in Open Source Software

Prior research has extensively studied how developers con-
tribute to open source software (OSS) projects, revealing that
a small group of core developers is typically responsible for
the majority of contributions while a larger group makes
occasional contributions [12], [13]. Core developers have
traditionally been identified through commit-based metrics,

specifically those who produce 80% of changes [14]. However,
recognizing the limitations of raw commit counts, researchers
like Joblin et al. [15] have developed more sophisticated
metrics incorporating social and technical perspectives through
developer networks. Nakakoji et al. [16] expanded this un-
derstanding with their “onion model” of eight different roles,
while recent work has highlighted the importance of casual
contributors [17] in project sustainability. Song et al. [18]]
further advanced contribution measurement by considering
both technical contributions and social influence through col-
laboration networks. Their work revealed that core developers
with extensive partnerships tend to collaborate with less-
connected developers, while studies have shown that projects
heavily dependent on few core developers face increased risks
of failure [14].

B. Emotional Dynamics in Software Development

The impact of emotions in software development has gained
significant research attention, as studies demonstrate how
affective states influence work performance and team collabo-
ration [19]. Research has shown that positive affect correlates
with increased productivity, while negative states can impair
cognitive processes crucial for programming tasks. Emotion
analysis in software engineering has evolved from simple
sentiment analysis to more nuanced approaches, viewing emo-
tions as complex, dynamic events involving multiple aspects
of human behavior [20]-[25]. The field has benefited from
advances in affective computing, focusing on emotion detec-
tion in communication traces, understanding emotional impact
on development processes [4], [26], and providing emotion-
aware recommendations [27], [28]]. Studies have shown that
developers express diverse emotions during collaborative de-
velopment [29], with emotional awareness proving crucial for
team collaboration and project management.

C. Programming Language Evolution and Community Devel-
opment

The evolution of programming languages is a dynamic
process influenced by various factors, including technological
advancements, user needs, and community-driven initiatives
[30]. Community-driven development has become increasingly
significant, particularly in Domain-Specific Languages (DSLs)
[31]. Staples et al. [32] analyzed over 393,000 GitHub repos-
itories to demonstrate how the R programming language has
evolved through community contributions, while Almeida et
al. [33]] developed a framework showing how community feed-
back shaped Python’s evolution. While these studies examined
languages that grew gradually, Solidity had to evolve rapidly
to serve a large blockchain user base from its early stages,
providing a unique context for studying contribution dynamics
under intense early adoption.

D. Research Gap and Our Contributions

Our work addresses several gaps in the existing literature.
While previous studies focused on traditional application-level
software projects [[12f], [13]], we examine a domain-specific
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programming language repository, finding an even higher
contribution concentration (86% from top 1%). We extend
Joblin et al.’s [|15] network approach by incorporating temporal
engagement metrics, and enhance Nakakoji et al.’s [|16] model
by demonstrating how contributors can rise to prominence
through specialized paths. Furthermore, we complement Song
et al.’s [18]] work by adding emotional analysis to understand
how technical discussions and social interactions interplay
specifically in language development communities, providing
new insights into this specialized technical context that differs
from previously studied application development teams.

III. METHODOLOGY

Figure |1| shows the systematic process we followed to
study activities in the Solidity repository, starting with data
collection, definition of the Contribution Index, and moving
through the various analytical steps.

A. Dataset Overview

We analyzed data from the Solidity GitHub repositoryE]
spanning from its creation in 2014 to September 2024, en-
compassing nearly ten years of development activity. The
dataset comprises 24,617 commits, 8,887 pull requests, 6,015
issues, and 107,737 comments. This dataset captures both the
technical evolution of the language and the social dynamics
of its development community, providing rich material for
analyzing contribution patterns and emotional expressions in
communications.

The dataset was preprocessed to ensure data quality: we
removed bot-generated content [34], standardized timestamps
for temporal analysis, and cleaned textual data by removing
code snippets and extraneous formatting. Missing values in
critical fields such as issue numbers and comment bodies were
handled through removal to maintain data integrity.

B. Contribution Index

We developed a novel contribution index that quantifies
developer involvement through both code and non-code ac-
tivities. The index combines six key metrics:

Code Contributions:

o Commits (25%): Direct code contributions to the reposi-

tory

o Pull Requests Merged (20%): Successfully peer-reviewed

code changes
Community Engagement:

o Comments (15%): Participation in discussions and code

reviews

o Issues Opened (15%): Problem identification and feature

suggestions
Temporal Engagement:
o Active Days (15%): Frequency of participation
e Time Duration (10%): Span of project involvement

The contribution index is calculated through the following
steps:
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Normalization: Temporal metrics (duration and active days)
are normalized by dividing individual values by the maximum
observed value, scaling them between 0 and 1.
Weighted Calculation: We compute the raw score using:
Raw Score = 0.25 x Commits

4+ 0.20 x PR Merged

+ 0.15 x Comments

+ 0.15 x Issues Opened

+ 0.15 x Norm. Active Days

+ 0.10 x Norm. Duration

)

Final Normalization: The raw scores are normalized to a O-
100 scale using:

R— Rmin
Rmax - Rmin

where R is the raw score, and R, and R,,,x are the minimum
and maximum raw scores across all contributors.

The weights reflect the relative importance of different
contribution types while ensuring balanced recognition of both
direct code contributions and community engagement. Higher
weights for commits and pull requests (45% combined) em-
phasize the importance of code contributions, while substantial
weight for community engagement (30%) and temporal factors
(25%) acknowledges the value of sustained participation and
non-code contributions to project sustainability. The chosen six
metrics represent both technical and community engagement:
commits, pull requests merged, comments, issues opened,
active days, and time duration. These metrics were selected for
their relevance to diverse forms of participation in open-source
projects. Code contributions (commits and pull requests) re-
flect technical impact, while community activities (comments
and issues) highlight collaborative and problem-identification
roles. Temporal metrics (active days and duration) capture sus-
tained engagement and long-term involvement. We assigned
weights to emphasize the importance of code contributions
while balancing community engagement and temporal factors.
All metrics were computed programmatically (see replication
package) using repository data, and normalization ensured
comparability across contributors.

Final Score = < ) x 100 )

C. Research Methodology by Question

1) Distribution Analysis (RQI): To analyze contribution
patterns, we first applied the contribution index across all
contributors in the dataset. The distribution analysis involved
examining percentile rankings of contributors based on their
contribution index, with particular focus on the proportion of
total contributions from the top 1%. We further examined
contribution ratios across different activity types, including
commits, comments, and issues, to understand how different
forms of participation were distributed among contributors.

2) Temporal Evolution Analysis (RQ2): Our investigation
of how contributors rise to prominence began by identifying
the top 1% of contributors based on their contribution index.
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Fig. 1: Description of the methodology

We traced their contribution trajectories from their first interac-
tion with the project, comparing patterns between early joiners
(2014-2015) and those who joined later (2020 onwards). To
validate our observations statistically, we employed the Mann-
Whitney U test [35] to compare contribution patterns between
these temporal groups, as the data did not follow a normal
distribution.

3) Emotion Analysis (RQ3 & RQ4): The analysis of
emotional patterns in contributor communications involved
several interconnected phases. Our preprocessing stage fo-
cused on ensuring data quality by removing bot-generated
content and code snippets, while standardizing text through
lowercase conversion and punctuation removal. This clean-
ing process was essential for focusing our analysis on
natural language content that genuinely reflected human
communication. For emotion detection, we employed the
roberta—base—go_emotionsﬂ model, which uses the
RoBERTa architecture to classify text into 27 distinct
emotions. This model’s ability to handle multi-label emo-
tion detection made it particularly suitable for analyz-
ing the complex emotional content present in devel-
oper communications. To evaluate the reliability of the
roberta-base—go_emotions classifier, two authors in-
dependently annotated a sample dataset. We assessed agree-
ment between Roberta’s predictions and the human annota-
tions using both simple percentage agreement and Cohen’s
kappa [36], with a threshold of 0.5 for binarizing emotion
scores into “present” (>0.5) or “absent” (<0.5). Simple
agreement percentages exceeded 90% across most emotions,
with particularly high alignment for gratitude, surprise, and
sadness. Cohen’s kappa values provided additional insight,
showing high reliability (x > 0.8) for emotions like love, cu-
riosity, and caring, but lower reliability for context-dependent
emotions such as approval (x = 0.40) and anger (k = 0.39).
These results indicate that while the classifier reliably detects
clear emotional signals, it may require careful interpretation
for more nuanced or context-dependent emotions.

For RQ3, we used K-means clustering [37] to identify
patterns of emotional expression. The clustering was repeated
1000 times with different initializations to stabilize Z-scores
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across emotion dimensions, ensuring reliable and stable re-
sults. We analyzed cluster characteristics through the mean
and standard deviation of standardized emotion scores and
examined their relationship with contributors’ participation
levels. For RQ4, we conducted a temporal analysis of emo-
tional expressions throughout issue lifecycles. This involved
mapping emotional patterns from issue creation to closure
and quantifying changes in emotional profiles using Jensen-
Shannon Distance. We paid particular attention to how domi-
nant emotions evolved over time and how they correlated with
different stages of issue resolution.

IV. WHAT IS THE DISTRIBUTION PATTERN OF
CONTRIBUTIONS IN THE SOLIDITY PROJECT?

Understanding how contributions are distributed in open-
source projects is vital for assessing project sustainability and
community dynamics. In open-source software (OSS) develop-
ment, contribution patterns can reveal important insights about
project health, knowledge distribution, and potential risks or
opportunities in the development process. In the context of
open-source software (OSS), previous studies have shown that
a small group of contributors tends to dominate the project’s
development efforts, while a larger number of participants
contribute more sporadically [38]], [39]. This raises important
questions about sustainability, leadership, and community dy-
namics within OSS projects.

Our rationale for investigating this question in the Solidity
project stems from the critical role that a small set of highly
active contributors can play in shaping the project’s trajectory.
Solidity, as a programming language, is foundational to the
development of decentralized applications (dApps) and smart
contracts on blockchain platforms like Ethereum. As such,
the efficiency, security, and evolution of the language are
deeply influenced by the contributions made by its community.
Identifying the type of distribution of contributions helps us
understand the extent to which the project is reliant on a small
group of core contributors and how that affects the overall
ecosystem.

Analyzing contribution distribution patterns is important for
several reasons:

Sustainability: If the Solidity project heavily depends on a
small group of contributors, this could present sustainability
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risks. These core contributors may experience burnout, or
their departure could leave a significant gap in the project’s
leadership and development efforts. High concentration might
create single points of failure, while a more distributed pattern
could indicate greater resilience. Understanding these patterns
helps in assessing potential risks and planning for project
continuity.

Community Inclusivity: The distribution of contributions can
reveal how accessible the project is to new contributors. If a
small subset of contributors dominates the contributions, it can
lead to barriers for new contributors trying to participate or
contribute meaningfully. Investigating this distribution allows
us to explore the potential for inclusivity and growth in the
Solidity community.

Project Governance: A skewed contribution pattern—where
contributions are heavily concentrated in a small subset of con-
tributors rather than evenly distributed across the community—
can affect decision-making and governance within the project.
In open-source projects, active contributors often play a key
role in influencing the direction of the project. Understanding
how contributions are distributed helps evaluate the project’s
governance structure and its implications for future develop-
ment. To answer RQ1, we calculated a contribution index for

100 Distribution of Contribution Types by Developer Percentile

Contribution Type
— mm  Commits
=3 Pull Requests
& [ Comments
[ Issues

Percentage of Total Contributions

0

Top 1% Top 1-5% Top 5-10% Rest

Fig. 2: Distribution of Contribution Types by Developer Per-
centile

each developer in the Solidity GitHub repository. This index
aggregates multiple metrics, such as: the number of commits
(code contributions), Pull requests merged, Comments (on
issues and pull requests), Issues opened. By considering these
activities, we created a normalized expertise score that allows
us to rank contributors based on their overall contributions to
the project. We then examined the distribution of this contri-
bution index to see whether a small proportion of contributors
are responsible for a large proportion of the contributions.

Our analysis revealed that the Solidity project exhibits a
concentrated distribution, in line with the results by Yamashita
et al. [40] and Xia et al. [41]]. In fact, the top 1% of contributors
account for nearly 86% of total commits, and 85.5% of all
comments in the repository. This extreme concentration of
contributions indicates that there is a high bus factor risk and
that the project is overwhelmingly driven by a very small
group of highly active contributors, while the majority of
contributors play a much smaller role.

Figure 2] shows the distribution of different types of con-
tributions across contributor percentiles. The plot shows four
types of contributions (commits, pull requests, comments, and
issues) for each percentile group of contributors. The results
demonstrate a strong concentration of activity among the top
contributors: the top 1% of contributors are responsible for
89.23% of all commits, 82.75% of all pull requests, and
86.49% of all comments. This concentration is less pro-
nounced for issue creation, where the top 1% accounts for
52.73% of issues, with a more substantial contribution from
other groups (17.56% from the top 1-5%, 5.52% from the top
5-10%, and 24.19% from the remaining contributors).

This pattern suggests that while code contributions and
discussions are highly centralized among a small group of
core developers, issue reporting shows broader community
participation. This broader participation in issue reporting
indicates a more diverse engagement in identifying problems
and suggesting improvements to the project.

The finding that Solidity’s development is dominated by
such a small group of contributors has significant implications
for the project’s future:

High Reliance on Core contributors: The project’s reliance
on a small core group puts it at risk of stagnation or delays
should any of these contributors reduce their involvement. A
project as critical as Solidity, which underpins a large portion
of the blockchain ecosystem, may face vulnerabilities if this
group is not consistently supported or if new contributors are
not cultivated.

Barriers to Entry for New contributors: The extreme con-
centration of contributions could indicate challenges for new
contributors trying to break into the project. The dominance
of early contributors may make it more difficult for others to
rise to positions of influence, potentially hindering community
growth and innovation.

Answer to RQ1: the distribution of contributions in the
Solidity project is skewed, with the top 1% of contrib-
utors responsible for the vast majority of contributions.
This finding highlights the importance of recognizing and
addressing potential risks related to project sustainability
and community inclusivity.

V. HOW DO THE TIMING AND PATTERNS OF INITIAL
PARTICIPATION INFLUENCE CONTRIBUTORS’ PATHWAYS TO
PROMINENCE IN THE SOLIDITY PROJECT?

To answer RQ2, we began by analyzing the contribution
patterns of the top contributors in the Solidity project. We
found that the top 1% of contributors were responsible for
the vast majority of contributions, forming a core group that
significantly drives Solidity’s development. To further confirm
the results, we performed a statistical analysis. First, we
checked for normality in the distribution of the contribution
index for both the top 1% group and the rest of the contrib-
utors using the Shapiro-Wilk test. The results indicated that
neither group followed a normal distribution, with both p-
values being extremely small. Consequently, we performed a



Mann-Whitney U test, a non-parametric test more suited to
comparing non-normal distributions. The p-value (p < .001)
strongly indicates that the contribution index of the top 1% of
contributors is significantly different from the rest, confirming
that the top contributors are in a distinct class of their own.

To further explore how contributors achieve prominence at
various stages, we visualized the relationship between the first
contribution dates of top developers and their impact on the
project, as measured by their contribution index.

First Contribution Date vs Contribution Index of Top 1% Developers
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Fig. 3: First Contribution Date vs Contribution Index of Top
1% Developers

Figure [3 demonstrates that top contributors have emerged
across the entire project lifecycle. Each point represents a top
contributor, categorized by their joining period: early (2014-
2015), mid (2016-2017), and late (2018-2022). Notably, while
the highest contribution index belongs to an early joiner from
2014, several late joiners have achieved comparable impact.
For instance, a 2020 joiner reached an index of 38.17, close
to the second-highest index of 39.01 held by a 2015 joiner.

To understand whether contributors can become top con-
tributors at any stage of the project lifecycle, we analyzed the
contribution patterns of the top 1% of contributors. We focused
on their earliest contributions and the types of contributions
they made, such as commits, pull requests, issues, and com-
ments. Our analysis included 29 contributors, and the results
are presented in Figure []

We assessed the contributions of both early joiners (those
who joined in the project’s early years, such as 2014-2015) and
late joiners (those who joined much later, including 2020 and
beyond), focusing on how their contribution types and patterns
evolved over time. For privacy reasons, we have anonymized
the contributors by assigning each a letter (A, B, C, etc.) based
on the order in which they made their first contributions to the
project. Contributor A refers to the earliest joiner, Contributor
B the second, and so on. This allows us to discuss their
contributions without revealing specific identifiers.

Contributors such as Contributor B, who made their first
contribution in 2015, and Contributor A, who joined in 2014,
were heavily involved in traditional development activities:
Contributor B contributed 2,449 commits and 854 pull

Number of Top 1% Developers by Year of First Contribution
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Fig. 4: Number of Top 1% developers by year of first contri-
bution

requests merged, opening 697 issues. This contributor also
participated extensively in project discussions, contributing
11,811 comments to various pull requests and issues. Con-
tributor A made 8,998 commits and 2,056 pull requests
merged, along with 26,904 comments. This contributor
opened 805 issues, indicating a well-rounded involvement in
both coding, PR-based contributions, and issue reporting.

The behavior of these early contributors demonstrates a sus-
tained focus on core development tasks across a decade,
including writing and reviewing code, as well as active partici-
pation in issue tracking and discussions. These activities were
essential to the foundation and growth of the project. Their
contributions included substantial commits and pull requests,
along with a notable volume of comments in code review and
discussion threads. Additionally, Contributor A’s significant
number of issues opened reflects an ongoing role in reporting
and addressing development challenges throughout this period.

Some contributors achieved top status despite joining as late
as 2020. These late joiners contributed in different ways com-
pared to their early counterparts, often focusing on non-code
activities that supported project management, code review, and
issue discussions.

Contributor C, who joined in 2020, made 1,714 commits
and has 517 pull requests merged, indicating substantial cod-
ing activity. However, their main contribution came through
13,534 comments, suggesting a strong focus on code review
and project discussions. This contributor also opened 269
issues, but their involvement in comments far outweighed
other contribution types.

Contributor D, also joining in 2020, contributed 220 commits
and has 112 pull requests merged. Similar to Contributor C,
this contributor focused significantly on comments, with 1,563
comments made, but opened only 14 issues.

These late joiners showed a pattern of involvement that
emphasizes non-code contributions, particularly in areas such
as reviewing code, engaging in discussions, and providing
feedback. Their relatively lower number of commits and pull
requests, compared to early joiners, suggests that they gained
prominence by playing important roles in maintaining project
quality and coordination rather than primarily writing code.



Early joiners such as Contributor A and Contributor B
were primarily engaged in code contributions (commits and
pull requests), dedicating much of their efforts to core devel-
opment tasks. They also contributed significantly to project
discussions, as reflected in their high comment counts, but
their role in issue reporting was minimal.

Late joiners such as Contributor C and Contributor D fol-
lowed a different trajectory. While they made significant con-
tributions in terms of commits and pull requests, they focused
more heavily on comments and project discussions. Their
roles were more oriented toward code reviews, feedback, and
collaborative efforts, which are essential for maintaining the
integrity of the project and guiding its development. Late
joiners contributed far fewer issues or commits, yet they rose
to the top through consistent involvement in code review and
governance tasks.

Contributors who joined early (2014-2015) were more likely
to contribute extensively to core development (commits and
pull requests), playing a foundational role in shaping the
project.

Contributors who joined later (2020 onward) became top
contributors by focusing on collaborative efforts such as
reviewing code, providing feedback, and discussing project
improvements. Their involvement in non-code tasks such as
comments and discussions helped them rise to prominence
despite contributing fewer commits and PRs.

The top 1% of contributors have consistently driven devel-
opment within the Solidity project, though their focus has
shifted over time. Early joiners (2014-2015) primarily en-
gaged in core development tasks, contributing large numbers
of commits and pull requests as they established founda-
tional aspects of the project. In contrast, contributors joining
from 2020 onward have taken on a more collaborative role,
with significant involvement in code reviews and discussions.
This pattern suggests that while early contributors shaped
the technical framework, later contributors play a role in
project governance and community engagement. The Solidity
repository demonstrates a flexible contribution model, where
both coding and collaborative efforts are valued across the
project’s lifecycle.

Answer to RQ2: Our analysis reveals that early join-
ers (2014-2015) rose to influence through extensive code
contributions and core language development, while later
contributors (2020 onwards) achieved impact through code
reviews, technical discussions, and architectural oversight.
This evolution of pathways reflects the project’s maturing
needs - from foundational development to technical gov-
ernance and community leadership.

VI. WHAT DISTINCT PATTERNS OF EMOTIONAL
EXPRESSION EMERGE AMONG CONTRIBUTORS IN THE
PROJECT?

To explore how contributors’ emotional expression patterns
relate to their participation in the project, we analyzed a group

of 50 contributors, comprising all top 1% (29 contributors
who drive 86% of project contributions) and 21 systematically
selected contributors with progressively lower indices (they
account for over 91% of the total contributions). This balanced
design ensures statistical power for comparing emotional pat-
terns across contribution levels while controlling for potential
sampling bias through stratified selection. By including both
all high-impact contributors and a representative sample across
other contribution levels, we can identify whether emotional
patterns are unique to top contributors or present more broadly.
Each contributor’s emotional profile was derived from their
communication based on 27 emotional dimensions, capturing
a unique distribution of emotional expression. We aimed to
identify patterns of emotional expression among contributors
and analyze how these patterns relate to their contributions.
The analysis followed these steps:

Data Preparation: The dataset consisted of 27 emotions,
which we normalized to form emotion distributions for each
contributor. This ensured that each row represented a valid
probability distribution across emotions.

Standardization: To make the emotional features comparable,
we standardized the distributions using Z-scord’| normaliza-
tion, allowing for analysis across all emotional dimensions.
Clustering Analysis: To ensure robust results, we performed
K-Means clustering 1000 times with different random initial-
izations. For each cluster and emotion, we calculated both the
mean Z-score and its standard deviation, providing a complete
measure of clustering stability. This approach helps quantify
the uncertainty in our emotional pattern identification and
ensures the reliability of our findings.

Performance Comparison: We assessed contributor perfor-
mance based on their ”Contribution Index” and compared this
index across the four clusters to understand any relationship
between emotional patterns and performance.

We chose K-means clustering over more complex meth-
ods (such as hierarchical clustering, DBSCAN, or spectral
clustering) due to its interpretability advantages in this con-
text. The centroid-based approach of K-means provides in-
tuitive mean emotion profiles that directly capture specific
communication patterns, making it easier to understand and
explain the different types of emotional engagement among
contributors. To ensure robustness in determining the optimal
number of clusters, we conducted a stability analysis using
multiple methods: the Elbow method, Silhouette analysis, Gap
statistic, Calinski-Harabasz index, and Davies-Bouldin index.
The majority of these methods consistently suggested four
clusters as the optimal number, with the Calinski-Harabasz
index showing the highest score for k=4 (score=156.3) and the
Davies-Bouldin index showing its lowest value (score=0.82)
at the same point. This convergence across different vali-

4Z-scores measure how far each emotion’s expression deviates from the
overall mean: yellow indicates the emotion is expressed more frequently than
average, while blue indicates less frequent expression. For example, a Z-score
of 1.0 means the emotion is expressed one standard deviation more frequently
than the mean across all contributors. Each cell displays both the mean Z-score
and its standard deviation (%) across 1000 iterations



dation techniques strengthened our confidence in the four-
cluster solution. Figure [3] presents the results of our clustering
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Fig. 5: Cluster Centroids Heatmap for Emotion Distributions.
The heatmap illustrates the average emotional profile for each
of the four clusters, displaying distinct communication styles
among contributors based on 27 emotional dimensions.

analysis, showing both the mean Z-scores and their associated
standard deviations across 1000 iterations. Each cell displays
two values: the mean Z-score (indicated by color and primary
number) and the standard deviation (shown as + value). This
dual representation provides insight into both the strength and
stability of emotional patterns within each cluster. The color
gradient ranges from dark blue (negative Z-scores) to yellow
(positive Z-scores), while the standard deviations help identify
which emotional patterns are most reliable within each cluster.

The emotional profiles of each cluster reveal distinct pat-
terns of emotional expression, with varying degrees of stability
measured across 1000 iterations. Our analysis reveals the
following characteristic patterns:

Cluster 0 - Balanced Emotional Expression: Shows
consistent control over fundamental emotions with surprise
(-0.07 £ 0.59), optimism (-0.06 = 0.63), caring (0.05 +
0.64), gratitude (-0.01 £ 0.67), and approval (-0.02 £ 0.75).
More variable in complex emotions: embarrassment (0.16 +
1.15), anger (0.15 = 1.19), pride (0.16 £ 1.20), annoyance
(0.15 £ 1.21), and grief (0.18 + 1.22), suggesting measured
communicators who maintain emotional balance. This cluster
shows the smallest overall variance across all emotions.

Cluster 1 - Dynamic Engagement Pattern: Maintains
steady basic reactions through admiration (-0.15 = 0.39),
optimism (-0.24 + 0.51), remorse (-0.28 + 0.52), surprise (0.14
+ 0.53), and disapproval (-0.10 £ 0.58). Shows dramatic range
in intense emotions: excitement (1.28 = 1.96), disgust (1.57 %
2.03), anger (1.64 £ 2.21), pride (1.61 + 2.22), and grief (1.69
+ 2.25), indicating communicators who maintain composure in
routine interactions but express significant emotional depth in
complex situations. This cluster exhibits the widest emotional
range among all groups.

Cluster 2 - Critical Engagement Pattern: Demonstrates
emotional stability in optimism (-0.30 £ 0.58), surprise (-0.01
+ 0.61), gratitude (-0.47 + 0.65), remorse (-0.27 £ 0.68), and
disapproval (0.01 = 0.77). Shows heightened variability in

TABLE I: Clusters and Contributors’ Performance Summary

Average Contribution Index (Absolute)

(075 + 0.59) 456.01 669
(225 039) 166.84 245
13554 199
180.24 264

Average Contribution Index (Normalized)

critical responses: grief (1.64 = 2.11), pride (1.52 £+ 2.12),
embarrassment (1.73 £ 2.20), annoyance (1.88 = 2.20), and
disappointment (1.50 £ 2.45), characterizing communicators

{ who maintain composure but express strong reactions to

challenging situations. The cluster particularly stands out in
its expression of annoyance and embarrassment.

Cluster 3 - Moderate Intensity Pattern: Exhibits stability
in foundational emotions: surprise (-0.17 + 0.63), gratitude
(-0.47 £ 0.66), optimism (-0.31 %= 0.67), amusement (0.14
+ 0.78), and remorse (-0.18 £ 0.81). Displays significant
variation in complex responses: grief (1.06 + 1.81), realiza-
tion (1.32 + 2.00), annoyance (1.77 = 2.43), embarrassment
(1.71 £ 2.46), and disappointment (1.69 £ 2.74), represent-
ing communicators who maintain emotional steadiness but
show substantial variation in nuanced emotional contexts. This
cluster shows the highest variability in disappointment and
embarrassment among all groups.

Table [I] presents the average performance, measured by the
Contribution Index, for each cluster. The robustness of these
findings is supported by our analysis across 1000 iterations.

Contributors in Cluster 0 - Balanced Emotional Ex-
pression with Stable Patterns, characterized by consistently
low variability in emotional responses (-0.75 + 0.59), exhibit
the highest average contribution index (456.01, 6.69). This
suggests that contributors with stable and balanced communi-
cation styles contribute the most extensively to the repository.

Cluster 1 - Dynamic Engagement with High Emo-
tional Variance, marked by significant variability in emotional
expressions (-2.25 * 0.39), demonstrates a lower average
contribution index (166.84, 2.45). While contributors in this
group show dynamic engagement and emotional range, their
contributions are less extensive compared to the balanced
communication of Cluster 0.

Cluster 2 - Critical Engagement with Variable Intensity,
characterized by high variability in critical emotions (-2.45 +
0.58), exhibits the lowest average contribution index (135.54,
1.99). This suggests that predominantly critical and variable
emotional patterns may limit the extent of contributors’ en-
gagement with the repository.

Cluster 3 - Moderate Pattern with Mixed Stability,
showing moderate variability in emotional responses (-2.74 +
0.63), achieves an average contribution index of (180.24, 2.64).
This indicates that a combination of stability and variability
can support meaningful contributions but does not reach the
levels observed in Cluster O.

These findings highlight that contributors in Cluster 0,
characterized by balanced and stable emotional expressions,
achieve the most substantial contribution levels, both in ab-
solute and normalized terms. In contrast, contributors with
more variable emotional patterns, whether dynamic, critical,
or moderate, tend to have lower contribution indices.
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Answer to RQ3: Contributors in Cluster 0, marked by
balanced and stable emotional expressions, achieve the
highest contribution levels, suggesting that consistent and
measured communication styles are associated with greater
involvement in the repository compared to dynamic, criti-
cal, or purely supportive styles.

\. J

VII. HOw DO EMOTIONAL EXPRESSIONS EVOLVE OVER
TIME?

The progression of emotional expressions across various
stages of issue handling sheds light on how top contributors en-
gage with the Solidity project over time. This section analyzes
these emotional expressions by examining different phases in
the issue lifecycle, focusing specifically on the contributions
of the top 1% of contributors.

Our analysis began by examining how the top contributors
distribute their comments across the different stages in the
lifecycle of a closed issue.

Distribution of Relative Comment Times (Top 1% Contributors)
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Fig. 6: Distribution of Relative Comment Times (Top 1%
Contributors)

Figure [6] shows the distribution of comment activity by
the top 1% of contributors throughout the lifecycle of closed
issues. The x-axis represents the relative comment time, where
0 indicates the issue’s creation and 1 represents its closure.
The histogram reveals two distinct peaks: a significant one at
the start (near 0), indicating high engagement when issues are
initially opened, and another around the closure point (near
1), suggesting increased activity as issues are resolved.

The middle portion of the lifecycle sees a lower volume of
comments, which may reflect a phase of active but less visible
work, such as internal development, testing, or discussions
occurring outside the public comment section. The pattern
of heightened engagement at the beginning and end phases
highlights a common workflow where contributors focus on
framing the issue initially and then return to confirm or finalize
its resolution.

To examine how emotional expression changes throughout
an issue’s lifecycle, we analyzed the distribution of emotions
in the initial and final comments of closed issues.

The initial comments of issues reveal that the most common
emotions are approval, confusion, and curiosity. This aligns

with contributors’ early efforts to seek clarification or under-
stand the task as the issue is opened. By the end of the issue,
there is a shift in emotional tone. While approval and curiosity
remain prominent, emotions like disappointment and disgust
increase, possibly indicating dissatisfaction with the issue’s
resolution or management. Additionally, relief becomes more
visible, likely reflecting the resolution of challenging issues.

We further analyzed the probability distribution of emo-
tional profiles in the top 1% of contributors’ comments,
focusing on the first and second peaks of comment activity.
The probabilities associated with each emotion at these stages
are presented in the barplot in Figure

Probability Distribution of Emotions in Initial and Final Comments

Fig. 7: Probability distribution of Emotions in Initial (light-
blue) and Final (orange) Comments (Top 1% Contributors)

From the barplot, we observe that emotions such as con-
fusion and curiosity, two of the primary emotions among
the top 1% contributors, are prominent in the initial peak of
comments. This suggests that early comments often reflect
the contributors’ initial challenges in addressing the issue,
accompanied by a strong interest in finding a solution. In
contrast, emotions like disapproval, approval, and gratitude
are more common in the final comments. This shift indicates a
mix of reactions: some contributors express disagreement with
the outcome, while others show appreciation for the effort and
results achieved.

Finally, we calculated the Jensen-Shannon Distance (JSD)
between the probability distributions of emotions in the initial
and final comments, finding a value of approximately 10%.
JSD is particularly useful in comparing probability distribu-
tions, as it quantifies the divergence between two distribu-
tions while remaining bounded and symmetric. While a 10%
JSD may not seem large in some contexts, it represents a
meaningful shift when examining emotional expression. This
value reflects a measurable change in contributors’ emotional
profiles from the beginning to the end of an issue’s lifecycle,
highlighting a dynamic adaptation in response to evolving
challenges and resolutions. Such an emotional shift provides
insight into how contributors’ reactions are shaped over time
as they engage more deeply with the issue.



Answer to RQ4: our findings reveal that during the early
stages of an issue, emotions like curiosity and confusion
are more prevalent as contributors explore and clarify the
problem. Toward the issue’s closure, emotions such as
approval, and gratitude become more frequent, reflecting
consensus and successful resolution.

VIII. DISCUSSION

Our longitudinal case study of the Solidity repository,
spanning nearly a decade (2014-2024), provides three
key contributions to understanding open-source language
development: a novel contribution measurement framework,
insights into emotional dynamics in technical communities,
and patterns of sustainable project growth.

A New Framework for Measuring OSS Contributions:
our contribution index combines technical and social aspects
of participation, balancing code contributions (45% for
commits and pull requests), community engagement (30% for
comments and issues), and temporal involvement (25%). This
balanced approach effectively identifies diverse contributor
profiles—from core developers to community managers—and
reveals how late-joining contributors can rise to prominence
through varied activities, offering valuable insights for other
open-source projects, particularly emerging domain-specific
languages.

Emotional Intelligence in
our emotion analysis, leveraging
roberta-base-go_emotions model capable of
detecting 27 distinct emotions, significantly advances
previous studies by providing a more detailed understanding
of developer interactions. Contributors with balanced
emotional profiles (Cluster 0) achieved higher contribution
indices, suggesting that emotional expression significantly
influences collaboration effectiveness. The temporal analysis
of emotions during issue lifecycles—transitioning from
curiosity and confusion to approval and resolution—provides
a framework for understanding and managing technical
discussions. These insights could inform how project
maintainers structure their communication practices and issue
resolution processes.

Sustainable Growth Through Diverse Participation:
while we found highly concentrated contribution patterns
(top 1% responsible for 86% of commits), our temporal
analysis revealed successful integration of new contributors
through diverse participation paths. This suggests that
language development projects can maintain technical rigor
while promoting community growth by recognizing and
supporting different forms of contribution. The emergence
of specialized roles—from core development to community
engagement—indicates natural evolution paths for sustainable
project growth.

Recommendations and Future Directions: our findings
emphasize the importance of structured knowledge-sharing
between core and newer contributors, recognition systems
for non-code contributions, and adapting issue management

Communities:
the state-of-the-art

Technical

processes to emotional patterns. While the contribution index
is a practical tool for identifying key contributors in the
Solidity community, its applicability to other projects should
be approached cautiously, given the unique characteristics
of the Solidity repository. Future work should validate
this framework across diverse repositories to assess its
generalizability and identify potential domain-specific
differences.

IX. THREATS TO VALIDITY

Construct Validity: The primary threat lies in our oper-
ationalization of contributor involvement through the contri-
bution index. The selection and weighting of different con-
tribution types might not capture all aspects of meaningful
participation. We mitigated this by incorporating multiple
dimensions (code, communication, temporal engagement) and
validating our weighting scheme through sensitivity analysis.
For the roberta-base—-go_emotions model, two au-
thors independently annotated a sample dataset, revealing high
reliability (x > 0.8) for emotions like curiosity and caring, but
lower reliability for context-dependent emotions like approval
(k = 0.40). We considered these variations in reliability when
interpreting our emotional analysis results.

Internal Validity: Contributors’ rise to prominence might be
influenced by external factors not captured in our dataset, such
as off-platform discussions. We minimized this by focusing
on publicly available data and cross-validating findings across
multiple contribution metrics.

External Validity: While Solidity is significant in the
blockchain domain, it may not represent all programming
language repositories. Its unique characteristics—blockchain
context, financial implications, and relative youth—limit gen-
eralizability. We frame our findings within the context of
emerging domain-specific languages.

Reliability: Our analysis depends on GitHub data complete-
ness, potentially affected by deleted comments or modified
pull requests. We enhanced reliability by making our analysis
scripts public and validating emotion detection through manual
sampling.

Time-based Validity: The blockchain space evolved signif-
icantly during our study period (2014-2024), with market
conditions, technological advances, and community maturity
potentially influencing contributor behavior. The rapid growth
of the Ethereum ecosystem, shifts in blockchain technology,
and varying levels of market interest may have affected both
the volume and nature of contributions. While this evolution
provides rich data for longitudinal analysis, it also means
that patterns observed during different periods might reflect
external factors beyond project dynamics.

X. CONCLUSION

By examining Solidity’s development, we have documented
a case of a programming language born and maintained
entirely in the open, transparent environment of GitHub—a
stark contrast to the traditionally closed development of pro-
gramming languages. Our analysis, supported by a contri-



bution index and emotion detection approach, reveals that
successful open language development requires a delicate bal-
ance between technical governance and community dynamics.
Our findings demonstrate that programming languages can
effectively evolve through community-driven processes while
maintaining the technical rigor necessary for critical applica-
tions. The success of this open development model, despite its
challenges, suggests a viable path forward for future domain-
specific languages. Future studies might examine how our
findings translate to other emerging programming languages
and explore how different technological domains influence
community dynamics and development patterns.
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