
Patterns of Bot Participation and Emotional Influence in Open
Source Development

Matteo Vaccargiu
University of Cagliari

Cagliari, Italy
matteo.vaccargiu@unica.it

Riccardo Lai
University of Cagliari

Cagliari, Italy
r.lai39@studenti.unica.it

Maria Ilaria Lunesu
University of Cagliari

Cagliari, Italy
mariai.lunesu@unica.it

Andrea Pinna
University of Cagliari

Cagliari, Italy
andrea.pinna83@unica.it

Giuseppe Destefanis
UCL

London, United Kingdom
g.destefanis@ucl.ac.uk

Abstract
We study how bots contribute to open-source discussions in the
Ethereum ecosystem and whether they influence developers’ emo-
tional tone. Our dataset covers 36,875 accounts across ten reposito-
ries with 105 validated bots (0.28%). Human participation follows
a U-shaped pattern, while bots engage in uniform (pull requests)
or late-stage (issues) activity. Bots respond faster than humans in
pull requests but play slower maintenance roles in issues. Using
a model trained on 27 emotion categories, we find bots are more
neutral, yet their interventions are followed by reduced neutrality
in human comments, with shifts toward gratitude, admiration, and
optimism and away from confusion. These findings indicate that
even a small number of bots are associated with changes in both
timing and emotional dynamics of developer communication.

CCS Concepts
• Software and its engineering → Open source model; Collab-
oration in software development.
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1 Introduction
Bots are now a common presence in open-source repositories.
They manage dependencies, run automated tests, and enforce code-
quality checks (e.g., via static-analysis tools) as part of CI/CD and
code-reviewworkflows [29]. These bots routinely operate alongside
human contributors in issues, pull requests, and commits, posting
automated comments and pull requests during normal development.
However, despite this prevalence, relatively little is known about
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bots’ conversational behavior or how their presence shapes human
communication in these threads [16].

Most prior work has assessed bots from a technical perspective –
for example, evaluating correctness or efficiency of the automated
tasks they perform [19]. Far fewer studies examine bots’ social
or behavioral role in developer communities (e.g., whether their
activity resembles that of human contributors over a discussion’s
life cycle). In contrast, the social dimension of open-source col-
laboration is well established: developer communication involves
emotions and affect that influence collaboration, trust, and pro-
ductivity. Empirical studies show that the sentiment expressed in
developer comments can significantly affect outcomes, including
review efficiency, collaboration dynamics, and discussion focus in
blockchain projects [6, 22, 23]. Introducing automated bot messages
raises questions about whether they stabilize conversations, reduce
emotional variability, or produce different shifts in tone. This study
addresses these gaps through an analysis of multiple open-source
repositories, combining temporal measurements of discussion life-
cycles with an examination of emotional profiles of comments. The
work is guided by the following research questions:

RQ1 — How do bots participate in open-source discussions
compared to human contributors? This question investigates
whether bots mirror human interaction patterns in software repos-
itories — in terms of activity timing and engagement dynamics.
Specifically, do bots exhibit the same life-cycle “U-shape” observed
in human discussions (early engagement, mid silence, and pre-
closure surge), or do they follow distinct temporal patterns?

RQ2 — Do bots influence the emotional tone of developer
discussions? This question examines whether bot interventions
alter the emotional profile of subsequent human communication.
Using emotion distributions (27 labels from RoBERTa/GoEmotions),
we measure pre- and post-bot differences to assess whether bots
stabilize, neutralize, or amplify emotional variability in ongoing
threads.
2 Related Works
Software Engineering Bots (or DevBots) [7, 20] entered the software
development process to improve productivity, helping developers
make decisions and facilitating communication. Storey and Zagal-
sky [20] recognized that bots improve efficiency and effectiveness,
performing repetitive tasks and improving decision-making and
knowledge distribution. Erlenhov et al. [7] illustrated three bot per-
sonas: chatbot persona (natural language interface), autonomous
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bot persona (independent tools triggered by project events), and
smart bot persona (capable of complex tasks like bug fixing).

Bot accounts in version control systems. Wessel et al. [28] found
significant bot adoption in open-source projects. Wei et al. [26]
examined smart bots in Apache pull requests, revealing substantial
bot involvement in leaving comments. Lambiase et al. [14] studied
motivations behind bot adoption. Rebatchi et al. [17] measured
Dependabot effectiveness in security-related pull requests, reveal-
ing high developer receptiveness. Choksi et al. [5] discussed how
tools like Dependabot and Copilot reinforce centralization tenden-
cies in open-source development. Chidambaram et al. introduced a
comprehensive dataset [2] of bot and human activities on GitHub,
proposed BIMBAS [3] and RABBIT [4] for automated bot identi-
fication; we developed a custom approach combining rule-based
heuristics with manual validation to prioritize precision for emo-
tion analysis. While these studies examine bot adoption patterns,
identification methods and aggregate project-level sentiment, our
work investigates when bots participate during discussion lifecycles,
whether their participation timing differs between artifact types
and if the emotional tone shifts before and after bot interventions
using fine-grained emotion classification across 27 categories.

Effectiveness and emotional influence of bot comments in the devel-
opment workflow. Investigating bot impact on developer emotions
and choices is essential [13]. Brown and Parnin [1] found low suc-
cess rates for recommender bots, suggesting bots alone cannot
influence developer behavior without social context knowledge.
Farah et al. [10] investigated reactions to bot comments on GitHub,
finding laugh reactions used both humorously and in response
to unexpected bot behavior. Wang et al. [25] showed that emoji
reactions facilitate collaborative communication during reviews.

Gao et al. [11, 12] analyzed sentiment in developer comments,
showing developers exhibit more neutral sentiment on projects
using bots, with no significant differences after bot integration.
Saadat et al. [18] examined workflow modifications, finding that in
only-human teams comments cluster together, while in human-bot
teams they scatter throughout event sequences, possibly due to
reduced awareness of automation introduction.

Eshraghian [8, 9] investigated emotions around AI tool inte-
gration by analyzing tweets about GitHub Copilot, identifying six
emotions: challenge, achievement, loss, deterrence, scepticism, and
apathy. The study explored how these emotions evolved over time,
shifting from negative to positive as developers focused on AI ca-
pabilities enhancing professional identity rather than as threats.

Our work differs from prior research by combining temporal
lifecycle analysis with fine-grained emotion classification. While ex-
isting studies examine aggregate sentiment [11, 12] or bot adoption
patterns [14, 27, 28], we investigate conversation-level emotional
dynamics before and after individual bot interventions across 27
emotion categories, revealing artifact-specific participation pat-
terns.

3 Methodology
3.1 Dataset
Our analysis examines ten repositories from the Ethereum ecosys-
tem, building upon the dataset introduced by Vaccargiu et al. [21],
who conducted a longitudinal study of contributor dynamics across

these same repositories spanning a decade of development. We
extended this dataset by applying bot and emotion detection to all
comments across the repositories.

Project Selection and Ecosystem. We analyzed ten open-source
projects from the Ethereum blockchain development ecosystem,
selected to represent different layers and roles within a connected
software infrastructure. The projects comprise: Core Protocol
Implementations (go-ethereum, consensus-specs, solidity), De-
veloper Libraries (ethers.js, web3.js), Development Tools and
Frameworks (hardhat, truffle, metamask, openzeppelin), and Ora-
cle and Data Infrastructure (chainlink).

This interconnected ecosystem is particularly suitable for bot
research because: (1) projects share common infrastructure enabling
consistent bot deployment patterns, (2) high project visibility and
active communities ensure diverse bot types and sufficient data
for statistical analysis, and (3) direct dependency relationships and
shared maintainers allow studying bot participation across project
types while controlling for domain-specific factors. All projects
use GitHub for development coordination, enabling consistent data
collection.

Bot Detection. To identify automated accounts in our dataset, we
implemented a three-step bot detection framework.

The first step applies deterministic rules to identify bot accounts
based on specific patterns. We implemented five detection crite-
ria: (1) username pattern matching (e.g., bot$, [bot], dependabot),
(2) GitHub User Type: BOT metadata, (3) high activity with low
diversity (top 5th percentile activity, Shannon entropy < 0.5), (4)
high message repetitiveness (>95%), and (5) pure commit bots (100%
commit ratio). Accounts satisfying any criterion were assigned
is_bot_rule = True and received a base bot score of 60 points.

For accounts not flagged by Step 1 (𝑛 = 36,548), we applied Isola-
tion Forest [15], an unsupervised anomaly detection algorithm. We
extracted 19 behavioral features including temporal patterns (inter-
event times, activity entropy, circadian patterns), behavioral metrics
(activity diversity, action type ratios), and content characteristics
(message length, repetitiveness). Features were standardized using
z-score normalization. The Isolation Forest was configured with
contamination parameter 𝛼 = 0.1 and 100 estimators, identifying
3,655 anomalous accounts. Anomaly scores were normalized to
contribute 0-30 points to the final bot score.

The final bot score (0-100) was calculated as:

bot_score = 𝑤1 · ⊮𝑟𝑢𝑙𝑒 +𝑤2 · 𝑠𝑖𝑠𝑜 +𝑤3 · 𝑟𝑚𝑠𝑔 +𝑤4 · (1 − 𝑑𝑎𝑐𝑡 )

where ⊮𝑟𝑢𝑙𝑒 indicates Step 1 detection (𝑤1 = 60), 𝑠𝑖𝑠𝑜 is the nor-
malized isolation score (𝑤2 = 30), 𝑟𝑚𝑠𝑔 is message repetitiveness
(𝑤3 = 5), and 𝑑𝑎𝑐𝑡 is normalized activity diversity (𝑤4 = 5). Ac-
counts with bot_score ≥ 50 were classified as bots.

The automated system identified 337 bot accounts (0.91% of
36,885 total accounts). Two authors independently examined each
account, considering username patterns, profile information, ac-
tivity patterns, and known bot services. The manual validation
revealed 243 false positives (72.1%), 11 false negatives, and 10 ghost
accounts (excluded from analysis). After manual corrections, the
final dataset contained 36,875 accounts, comprising 105 confirmed
bots (0.28%) and 36,770 human contributors (99.72%). The low auto-
mated precision (27.9%) reflects a conservative strategy prioritizing
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recall; all subsequent analyses use only the 105 manually validated
bots, ensuring reliability. The corrected system achieved recall of
89.5% and accuracy of 99.3%.

Bot participation varies substantially across artifact types, rang-
ing from 0.06% to 56.90% in comments, 0% to 2.50% in issues, 0% to
3.66% in commits, and 0% to 13.59% in pull requests. Several reposi-
tories show zero bot activity in specific artifact types. Our analysis
does not distinguish between bot types (CI/CD, dependency man-
agement, security scanning), potentially obscuring type-specific
patterns.

Emotion Detection. For emotion detection, we employed the
roberta-base-go_emotions1 model, which uses the RoBERTa ar-
chitecture to classify text into 27 distinct emotions. This model’s
ability to handle multi-label emotion detection made it particularly
suitable for analyzing the complex emotional content present in
developer communications. We followed the emotion analysis pro-
cedure established by Vaccargiu et al. [24], applying the model to all
comments in our dataset to generate probability distributions over
the emotion categories. Each comment receives a probability vector
where values sum to unity, representing the model’s confidence in
the presence of each emotion category. These probability vectors
serve as the foundation for all subsequent emotional analyses.

3.2 Analysis Methods
Our analytical approach examines bot participation patterns and
emotional dynamics through statistical methods applied to GitHub
artifacts. We analyze temporal positioning of comments, measure
response times, and quantify emotional divergence using proba-
bility distributions from pre-trained models. All analyses employ
non-parametric tests with effect sizes reported alongside signifi-
cance tests.

3.2.1 Temporal Patterns of Bot Participation (RQ1). To investigate
how bots participate in open-source discussions compared to hu-
man contributors, we analyzed comment timing patterns across two
dimensions: positioning within discussion lifecycles and response
latency following bot interventions.

Comment Position Within Thread Lifecycle. For each discussion
thread with valid temporal bounds (creation timestamp preceding
closure timestamp), we normalized comment positions to a [0, 1]
scale representing the thread lifecycle:

position =
𝑡comment − 𝑡thread_created

𝑡thread_closed − 𝑡thread_created
(1)

where position 0 represents thread opening and position 1 repre-
sents closure. We aggregated normalized positions by user type
(bot versus human) and compared the resulting distributions us-
ing the two-sample Kolmogorov–Smirnov test, which assesses
whether two samples originate from the same underlying distribu-
tion without assuming parametric forms. Effect sizes were quanti-
fied through Cliff’s Delta, with magnitudes interpreted as negligible,
small, medium, or large according to established thresholds.

Response Time Analysis. To examine interaction dynamics, we
measured human response latency following bot comments. Within
each thread, comments were ordered chronologically, and for every
1https://huggingface.co/SamLowe/roberta-base-go_emotions

bot comment, we identified the first subsequent human comment
in the same thread. Response time Δ𝑡 (in hours) was computed as:

Δ𝑡 =
𝑡first human after bot − 𝑡bot

3600
(2)

We summarized response time distributions per repository using
median andmean statistics, and visualized the distributions through
histograms and empirical cumulative distribution functions.

3.2.2 Emotional Patterns Around Bot Interventions (RQ2). To assess
whether bot participation influences the emotional tone of devel-
oper discussions, we conducted three complementary analyses:
comparing baseline emotional profiles between bots and humans,
measuring emotional shifts in human comments before versus af-
ter bot interventions, and testing differences in specific emotion
categories.

Baseline Emotional Divergence. Each comment in our dataset
contains a probability vector over 27 emotion categories (derived
from the RoBERTa-GoEmotions model), with probabilities sum-
ming to unity. For each repository and user type, we computed
mean emotion probability distributions, yielding two normalized
vectors representing the typical emotional profile of bot versus hu-
man communication. We quantified the divergence between these
profiles using the Jensen–Shannon divergence (JSD) with base-2
logarithm, a symmetric and bounded measure of distributional dif-
ference ranging from 0 (identical distributions) to 1 (maximally dif-
ferent distributions). To assess whether observed divergence values
significantly exceed chance expectations, we employed right-tailed
permutation tests with 10,000 iterations. In each iteration, user
type labels were randomly reassigned, mean emotion vectors were
recomputed for the permuted groups, and JSD was calculated. The
empirical p-value was estimated as the proportion of permuted
divergence values meeting or exceeding the observed value.

Pre-Post Emotional Shifts Around Bot Comments. To examine
emotional patterns in human comments before and after bot inter-
ventions, we analyzed threads containing at least one bot comment
with human comments both preceding and following the bot times-
tamp. For each qualifying thread, we partitioned human comments
into pre-bot and post-bot sets based on their temporal relationship
to the bot comment. Mean emotion vectors were computed for
each partition, where epre and epost represent the average emo-
tion distributions before and after bot intervention. We calculated
the Jensen-Shannon Divergence (JSD) between these distributions,
JSD(epre, epost), to quantify the magnitude of emotional shift asso-
ciated with bot intervention. We tested whether the distribution
of thread-level JSD values significantly exceeds zero using the one-
sided Wilcoxon signed-rank test. To understand the directionality
of emotional changes, we computed mean differences for individual
emotion categories across all analyzed threads.

Single Emotion Comparison. To test our specific hypothesis re-
garding emotional neutrality, we compared the probability of the
neutral emotion category between bot and human comments using
the Mann–Whitney U test with a one-sided alternative hypothesis
(bot neutrality greater than human neutrality). Cliff’s Delta was
computed to quantify the effect size. All statistical tests were con-
ducted at 𝛼 = 0.05 significance level, with both p-values and effect
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size estimates reported to distinguish statistical significance from
practical importance. Complete results, including intermediate cal-
culations and test statistics, were preserved to ensure reproducibil-
ity of all analyses.
4 Findings
4.1 RQ1 — How do bots participate in

open-source discussions compared to
human contributors?

To understand bot participation patterns in open-source develop-
ment, we analyzed 36,875 contributor accounts across ten reposi-
tories, including core blockchain implementations (go-ethereum,
consensus-specs), developer libraries (ethers.js, web3.js), and de-
velopment frameworks (hardhat, truffle). After applying our three-
stage detection framework and manual validation, we identified
105 bot accounts (0.28%) and 36,770 human contributors (99.72%).

Temporal Patterns in Discussion Lifecycles. To examine when bots
participate during discussion lifecycles, we normalized all issues
and pull requests to a 0-1 scale, where 0 represents opening and
1 represents closure. Human contributors exhibit a consistent U-
shaped participation pattern across all repositories: high activity at
opening, minimal activity during the middle phase, and renewed
activity before closure. This pattern holds consistently across both
issues and pull requests.

Bot participation patterns, however, differ between artifact types.
In pull request discussions, bots demonstrate continuous presence
throughout the lifecycle. Repositories like solidity, web3.js, and
go-ethereum show dense, uniform bot activity from opening to
closure, creating a pattern of sustained automated engagement.
Other repositories like truffle (Figure 1) and openzeppelin show
heavy bot clustering at pull request opening (normalized position
0.0), followed by continued activity throughout the lifecycle. The
human U-shaped pattern remains visible in all cases, but bot activity
does not follow this pattern, instead appearing relatively constant
across lifecycle phases.

Figure 1: Pull request lifecycle in truffle: human comment
density (blue) shows U-shaped pattern; bot markers (orange)
show early concentration with continuous activity.

Issue discussions present a contrasting pattern. While human
contributors maintain their U-shaped engagement pattern, bot par-
ticipation shows greater variability. Some repositories like meta-
mask and solidity display relatively uniform bot distribution across

the issue lifecycle. Others like go-ethereum and truffle (Figure 2)
show bot clustering toward later lifecycle stages (normalized po-
sition 0.8-1.0), suggesting automation focused on issue closure or
staleness detection. Web3.js and chainlink demonstrate bot concen-
tration at both endpoints (positions 0.0-0.1 and 0.9-1.0), partially
mirroring the human pattern but with substantially different timing.

Figure 2: Issue lifecycle in truffle: bot activity concentrates
late-stage.

Response Time Analysis. We analyzed first response times for
23,937 threads containing bot responses and 8,941 threads con-
taining both bot and human responses. Overall, bots demonstrate
substantially faster response times than humans, with a median
of 2,075 seconds (34.6 minutes) compared to the human median of
58,497 seconds (16.2 hours). The response time distributions dif-
fer significantly (Kolmogorov-Smirnov test: 𝐷 = 0.347, 𝑝 < 0.001;
Cliff’s Delta 𝛿 = −0.384, medium effect size), with the negative
delta indicating that bots respond faster than humans.

However, this speed advantage varies dramatically by artifact
type. In pull request discussions (23,490 threads), bots achieve a
median first response time of 2,021 seconds (33.7 minutes), while
humans require a median of 56,308 seconds (15.6 hours). In threads
with both bot and human responses (8,617 threads), bots respond
first in 70.1% of cases. Response speeds vary substantially across
repositories. Three repositories show near-instantaneous bot re-
sponses: go-ethereum (median 0 minutes, 96.5% bot-first), hardhat
(median 0.1 minutes, 97.5% bot-first), and openzeppelin (median 0.1
minutes, 89.4% bot-first). In contrast, chainlink shows considerably
slower bot responses (median 687 minutes or 11.5 hours, with bots
responding first in only 31.8% of cases).

Issue discussions present an inverted pattern. Across 447 issue
threads, bots show a median first response time of 5,202,537 sec-
onds (approximately 60 days), while humans respond in a median
of 343,891 seconds (4.0 days). In threads with both response types
(324 threads), humans respond first in 75.6% of cases. This rever-
sal indicates that bots play a substantially different role in issue
discussions compared to pull requests.

Statistical Validation of Lifecycle Patterns. Kolmogorov-Smirnov
tests validate the observed temporal patterns. For issue comments
(2,344 bot, 108,947 human), distributions differ significantly ((𝐷 =

0.345, 𝑝 = 6.0 × 10−245; Cliff’s Delta 𝛿 = 0.304). The positive delta
indicates that bots comment significantly later in issue lifecycles
than humans. For pull request comments (47,984 bot comments,
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72,424 human comments), the distributions also differ significantly
(𝐷 = 0.160, 𝑝 < 0.001; Cliff’s Delta 𝛿 = −0.218). The negative
delta indicates that bots comment significantly earlier in pull re-
quest lifecycles compared to humans. These tests confirm genuine
differences in participation timing, not random variation.

Answer to RQ1: Bots participate differently than human con-
tributors. While representing less than 1% of contributors, bots
concentrate activity in discussion comments. In pull requests,
bots respond rapidly (median 34 minutes) and maintain contin-
uous activity throughout the lifecycle. In issues, bots respond
substantially slower (median 60 days) and engage later in the
lifecycle. These patterns suggest bot participation is optimized
for different purposes: continuous integration and automated
checks in pull requests versus maintenance tasks such as stale
issue detection in issues.

4.2 RQ2 — Do bots influence the emotional tone
of developer discussions?

To examine whether bot participation influences the emotional
characteristics of developer discussions, we applied a pre-trained
emotion classification model (RoBERTa fine-tuned on GoEmotions)
to all comments in our dataset. This model assigns probability
distributions over 27 emotion categories plus a neutral category
to each comment, with probabilities summing to 1.0. We analyzed
50,328 bot comments and 181,371 human comments across the ten
repositories.

Emotional Profiles of Bots and Humans. We first examined the
baseline emotional characteristics of bot and human comments by
computing the average emotion probability distribution for each
group within each repository. Across nine of eleven analyses (10
repos + 1 all aggregate) repositories, both bots and humans show
neutral as the dominant emotion category. However, the degree
of neutrality differs substantially between the two groups. Bot
comments exhibit a median neutral probability of 0.76, while human
comments show amedian neutral probability of 0.47 (Figure 3). This
difference represents approximately 60% higher neutrality in bot
communications.

The distribution of neutral probability across repositories reveals
consistent patterns. Bot neutral probabilities range from 0.35 to 0.93
across repositories, with seven repositories showing bot neutral
probabilities exceeding 0.80. In contrast, human neutral probabili-
ties cluster more tightly between 0.35 and 0.54. Statistical testing
using Mann-Whitney U tests confirms that bots demonstrate sig-
nificantly higher neutral probability than humans in nine of eleven
cases (including the aggregate dataset), with all significant results
showing 𝑝 < 0.001. Seven repositories demonstrate large effect
sizes (Cliff’s Delta > 0.5), with web3.js, metamask, and hardhat
showing the strongest effects at 𝛿 = 0.798, 0.793, and 0.769 respec-
tively. The overall effect across all repositories yields Cliff’s Delta
of 0.740, indicating a large and consistent difference.

One notable exception emerges in the core blockchain implemen-
tation go-ethereum, where bots show Cliff’s Delta of −0.224 (not
statistically significant). In this repository, bot comments express
substantially more gratitude than other repositories, with an aver-
age gratitude probability of 0.57 compared to a neutral probability
of 0.35. This inverted pattern reflects a deliberate design choice

Figure 3: Neutral emotion probability in bot vs. human
comments across all repositories. Bots exhibit significantly
higher neutral probability (median 0.76) compared to hu-
mans (median 0.47), with minimal overlap between distribu-
tions (Mann-Whitney U test: 𝑝 < 0.001, Cliff’s Delta 𝛿 = 0.740).

where bots acknowledge contributor efforts, contrasting with the
purely informational bots prevalent in other repositories.

To quantify the overall divergence between bot and human emo-
tional profiles, we calculated JSD between the emotion probability
distributions for each repository. The JSD values range from 0.084
(openzeppelin) to 0.285 (ethers.js), indicating varying degrees of
emotional difference across projects. Development frameworks and
tools (ethers.js: 0.285, go-ethereum: 0.261, metamask: 0.192, web3.js:
0.188, hardhat: 0.178) show larger divergences, while smart contract
development libraries (openzeppelin: 0.084, consensus-specs: 0.106,
solidity: 0.126) show smaller differences.

We validated whether these observed differences exceed random
variation using permutation tests. For each repository, we randomly
shuffled bot and human labels 10,000 times and recalculated JSD
under the null hypothesis that emotional profiles are equivalent.
The observed JSD significantly exceeds the permutation distribution
in nine of ten repositories (𝑝 < 0.001), with only consensus-specs
showing no significant difference (𝑝 = 0.346). This confirms that the
emotional divergence between bots and humans reflects genuine
behavioral differences rather than sampling variation.

Emotional Shifts in Human Comments Following Bot Interventions.
To assess whether bot comments influence subsequent human emo-
tional expression, we analyzed 1,511 discussion threads containing
both bot interventions and all human comments before and after
bot participation. For each thread, we computed the average emo-
tion probability distribution from all human comments preceding
the first bot comment (pre-bot profile) and all human comments
following the last bot comment (post-bot profile). We then mea-
sured the emotional shift using JSD between these pre- and post-bot
distributions.

The distribution of pre-post JSD values shows substantial emo-
tional changes following bot interventions. The median JSD of 0.224
indicates moderate emotional shifts, with 75% of threads showing
JSD values exceeding 0.10. We categorized threads by change mag-
nitude: 377 threads (25.0%) show minimal change (JSD < 0.1), 584
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threads (38.6%) show moderate change (0.1 ≤ JSD < 0.3), and 550
threads (36.4%) show substantial change (JSD ≥ 0.3). Repository-
level analysis reveals variation in emotional change magnitude,
with hardhat showing the highest median pre-post JSD of 0.378,
followed by web3.js (0.297), openzeppelin (0.292), and truffle (0.255).
Chainlink shows the lowest median change at 0.119.

Wilcoxon signed-rank tests assess whether the observed emo-
tional changes significantly exceed zero. Nine of eleven analyses
(including the aggregate dataset) demonstrate statistically signifi-
cant emotional shifts (𝑝 < 0.001), with only consensus-specs and
ethers.js showing non-significant results due to small sample sizes
(𝑛 = 1 thread each). These results provide strong evidence that bot
interventions systematically alter the emotional characteristics of
subsequent human discussion.

To understand the direction of emotional changes, we exam-
ined shifts in individual emotion categories averaged across all
1,511 threads. The analysis reveals that human emotional expres-
sion is more varied after bot interventions, not more neutral. The
neutral emotion probability decreases by 0.0113 (from 0.5545 to
0.5432), representing a 2.0% reduction. This decrease in neutrality
coincides with increases in nine specific emotions and decreases
in eight others. The strongest increase occurs in gratitude, which
rises by 0.0241 (42.1% increase). Other emotions showing notable
increases include optimism (+0.0040, 21.6% increase), admiration
(+0.0043, 17.4% increase), and joy (+0.0014, 32.7% increase). Con-
versely, confusion shows the largest decrease at −0.0127 (19.2%
reduction), followed by approval (−0.0121, 13.9% reduction) and
curiosity (−0.0052, 8.3% reduction). These patterns suggest that
bot interventions are associated with reduced uncertainty-related
emotions and increased appreciation-related emotions, consistent
with bots providing automated status information, test results, or
procedural updates.

Temporal Context of Emotional Changes To contextualize the
timeframe within which emotional influence occurs, we measured
response times from bot comments to subsequent human comments
in the same thread. Analysis of these response times across repos-
itories reveals substantial variation, with median response times
ranging from 1.06 hours (ethers.js) to 29.60 hours (web3.js). Seven
repositories show median response times below 24 hours, suggest-
ing that the majority of human reactions to bot interventions occur
within approximately one day. Examination of cumulative distri-
bution functions indicates that between 50% and 100% of human
responses occur within 24 hours across different repositories.

Answer to RQ2: Bot participation is associated with changes in
the emotional tone of developer discussions. Despite bots being
60% more neutral than humans, human comments following bot
interventions do not show increased neutrality. Instead, human
comments following bot participation show decreased neutral-
ity with specific emotional shifts: confusion-related emotions
decrease (confusion -19.2%, curiosity -8.3%) while appreciation-
related emotions increase (gratitude +42.1%, admiration +17.4%).
These changes are statistically significant across multiple vali-
dation approaches (Wilcoxon, permutation, and Mann-Whitney
U tests, all 𝑝 < 0.001), with emotional shifts observed within
approximately 24 hours.

5 Threats to Validity
We identify and discuss potential threats to the validity of our find-
ings.
Construct Validity: Our three-step bot detection achieved 27.9% pre-
cision and 89.5% recall after manual validation by two researchers,
yielding 105 confirmed bots. While high recall captured most bots,
11 false negatives suggest some remain undetected, and the small
bot proportion (0.28%) means misclassifications could impact find-
ings. For emotion classification, we employed RoBERTa-GoEmotions,
validated in prior software engineering research [24]. Our aggre-
gation of probabilities into mean vectors may smooth individual
variations, addressed by analyzing both aggregate and thread-level
patterns. We normalize thread lifecycles to [0,1] scale, which may
obscure differences between very short and very long threads, and
treat all bot comments equally regardless of type, potentially ob-
scuring bot-specific effects.
Internal Validity: We analyzed 1,511 threads containing bot com-
ments with sufficient human comments before and after, which
may introduce selection bias as threads attracting bot attention
may differ systematically. Confounding factors including reposi-
tory practices, team composition, and issue complexity could in-
fluence patterns beyond bot interventions. While our pre-post
design controls for some confounds, correlation does not imply
causation—emotional tone might evolve naturally as discussions
progress.
External Validity: Our findings are based on ten Ethereum reposi-
tories with unique characteristics (market exposure, decentralized
governance, transparency culture). While spanning different func-
tional roles, all operate within the same ecosystem, and patterns
may not generalize to traditional open-source or other blockchain
projects. Our dataset spans repository inception through 2024 but
does not model temporal evolution in bot capabilities or system-
atically distinguish between bot types (CI/CD, dependency man-
agement, security scanning). Repository-specific patterns (e.g., go-
ethereum’s gratitude-expressing bots) suggest heterogeneity that
aggregate analysis may obscure.
Conclusion Validity:Weemployed non-parametric tests (Kolmogorov
Smirnov, Wilcoxon signed-rank, Mann-Whitney U) with effect sizes
(Cliff’s Delta, r-values) reported alongside p-values. However, mul-
tiple tests increase Type I error possibility, and the small bot pro-
portion (0.28%) means even large effect sizes may represent subtle
changes. Our emotional analysis aggregates distributions using
JSD, which may obscure individual comment variations. Response
time analysis captures only first human comments, potentially in-
fluenced by time zones and availability. Our data collection relies
on GitHub’s API, which may not capture all content changes and
excludes private communications. However, GitHub’s API is stan-
dard for repository research and provides reliable access to public
development artifacts.

6 Conclusion and Future Works
This study examined bot participation patterns and emotional dy-
namics in open-source discussions across ten Ethereum repositories,
analyzing 105 validated bots among 36,875 accounts. Our analysis
revealed distinct participation patterns between bots and human
contributors. In pull request discussions, bots respond rapidly and
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maintain relatively constant activity throughout the lifecycle, while
in issue discussions they respond slowly and concentrate on late-
stage maintenance tasks. These patterns suggest bots serve different
roles depending on artifact type: continuous integration checks in
pull requests versus staleness detection in issues.

Regarding emotional dynamics, bot comments exhibit signifi-
cantly higher neutrality than human comments. However, human
comments following bot interventions show decreased neutrality,
with increases in appreciation-related emotions (gratitude, admi-
ration, optimism) and decreases in uncertainty-related emotions
(confusion, curiosity).

For open source projects considering bot adoption, our findings
suggest three deployment strategies: prioritizing rapid response
bots for pull request workflows, using maintenance focused bots
for late stage issue management, and designing bot messages that
reduce uncertainty through clarification. The go-ethereum case
shows that design choices such as expressing gratitude can influ-
ence emotional dynamics, indicating that bot tone and messaging
matter alongside technical functionality. These findings are based
on the Ethereum ecosystem, whose decentralized governance, mar-
ket exposure, and visibility may limit generalization.

Future work could distinguish among bot types such as CI/CD,
dependency management, and security scanning, and compare
software ecosystems to assess whether these effects extend beyond
blockchain-based projects.
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