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Abstract

Automated agents now author a growing share of pull requests in
open-source repositories, yet human reviewers remain responsi-
ble for evaluating these contributions. Little is known about how
developers express sentiment when reviewing agent-generated
code. We analyze review comments from AlDev, a large-scale MSR
Mining Challenge dataset capturing agent-authored pull requests
and review interactions across real-world GitHub repositories, us-
ing an emoji-aware approach that combines VADER scores with a
custom emoji lexicon. Human feedback on both agent- and human-
generated pull requests is predominantly positive or neutral. Emojis
appear mainly as secondary signals that reinforce approval, while
automated reviewers rarely use emojis and communicate almost en-
tirely through structured text. Sentiment trajectories differ slightly
by context: human reviewers show a mild positive slope when
reviewing agent-generated pull requests, whereas automated re-
viewers show a slight decline. Effect sizes are small throughout.
These results suggest that developers engage with agent-generated
contributions in a broadly constructive way, though communication
norms differ between human and automated reviewers.
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1 Introduction

Advances in artificial intelligence (AI) and large language mod-
els have enabled the emergence of agentic software development
tools that can autonomously generate code changes and submit
pull requests (PR)—formal proposals to merge proposed code modi-
fications into a version-controlled repository. As a result, modern
software repositories are increasingly populated with contributions
authored by automated agents rather than by human developers.
Despite this shift, human reviewers remain central to the code
review process, as they are ultimately responsible for evaluating
correctness, maintainability, and suitability before changes are in-
tegrated into the codebase.

Code review is not only a technical quality assurance activity
but also a fundamentally social process. Prior research shows that
emotions and sentiment expressed during collaborative software
development influence productivity, coordination, task quality, cre-
ativity, and job satisfaction [8, 9]. Prior work argues that awareness
of emotional signals can help developers and managers better un-
derstand team dynamics [9] and take corrective actions. In this
context, sentiment expressed during code review can signal trust,
acceptance, or concern toward a proposed change.
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The growing presence of agent-generated pull requests raises
new questions about human—AI collaboration in software engi-
neering. While prior work has examined how Al-powered tools
reshape developers’ roles and shift effort toward reviewing machine-
generated suggestions [6], little is known about how developers
emotionally respond to code authored by automated agents. These
affective responses matter because trust, accountability, and the
quality of reviews are directly at stake when automated agents
author code. For example, do reviewers react differently to agent-
generated versus human-generated code? Does the emotional tone
of review discussions evolve differently depending on the origin of
the contribution?

In this paper, we investigate how human developers and auto-
mated agents express sentiment during the review of both agent-
generated and human-generated pull requests. We analyze senti-
ment expressed in review comments and examine how emotional
signals differ across reviewer types and pull request origins. To
capture both affective cues commonly present in code review dis-
cussions, we adopt an emoji-aware sentiment analysis approach
that combines textual sentiment with emoji-based signals.

In addition to large-scale quantitative analysis, we include illus-
trative qualitative examples to show how these sentiment patterns
appear in practice. We address the following research questions:

« RQ1. What is the sentiment of human and agent review com-
ments on agent-generated pull requests?

» RQ2. What is the sentiment of human and agent review com-
ments on human-generated pull requests?

« RQ3. What are the sentiment trajectories in Code Review?

» RQ4. What do these sentiment patterns look like in practice?

Our contributions are threefold: (1) a large-scale empirical anal-
ysis of developer sentiment and dynamic discussion trajectories
across both agent- and human-generated pull requests in popu-
lar GitHub repositories; (2) an emoji-aware sentiment analysis
approach that integrates lexical polarity with domain-informed
emoji weightings to capture secondary affective signals in tech-
nical discourse; and (3) a purposively sampled qualitative investi-
gation illustrating how these sentiment patterns and communica-
tion styles—ranging from lightweight conversational approvals to
structured diagnostic reports—manifest in real-world code review
interactions.

The rest of this paper is organized as follows. Section 2 reviews
related work. Section 3 describes the dataset. Section 4 presents the
data analysis approach. Section 5 reports results for each research
question. Section 6 discusses the findings and addresses threats to
validity. Section 7 address limitations and, Section 8 concludes.
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2 Background and Related Work

We structure our analysis around three core dimensions: the so-
cial and collaborative dynamics embedded within peer code review
practices, the communicative function of non-verbal signals and im-
plicit cues in technical discourse, and the transformative integration
of automated agents into the modern verification workflow.

2.1 Social Dynamics in Code Review

Code review is a quality assurance practice in which developers
examine changes before integration [2, 5]. Beyond technical verifica-
tion, this practice serves as a social interaction in which developers
express their sentiments directly. Consequently, participants’ af-
fective state influences engineering outcomes [15]. Prior research
links emotions expressed during collaborative work to productivity
and task quality [5]. Specifically, empirical evidence indicates that
negative affective patterns directly prolong review intervals and
decrease the likelihood of code acceptance [3]. Furthermore, toxic
interactions reduce productivity and increase the risk of developer
burnout [18]. Demographic factors also influence these dynamics;
for example, female developers are statistically less likely to express
strong sentiments than their male counterparts [15].

To quantify affective expressions in software repositories, re-
searchers employ sentiment analysis, a technique that assigns po-
larity to textual artifacts [9] to evaluate developer attitudes toward
technical entities [2, 12]. However, relying exclusively on conven-
tional lexical parsing limits our understanding of modern review
dynamics, as developers frequently incorporate non-textual cues
into their technical communication [8, 9]. To capture these broader
dynamics, we adopt VADER [10] over domain-specific tools such as
SentiCR [2]. While SentiCR is tailored for technical code review dis-
course, it primarily outputs categorical sentiment classifications; in
contrast, VADER generates a continuous compound score ranging
from —1.0 to +1.0. This continuous scale is mathematically essential
for integrating textual polarity with emoji-based signals under the
weighted composite scoring scheme defined in Section 4.

In asynchronous software engineering discourse, written feed-
back lacks the prosodic cues of speech—such as vocal tone and
volume—which significantly increases the risk of critical sugges-
tions being perceived as harsh or confrontational [18]. To preemp-
tively reduce affective ambiguity and soften the emotional impact
of technical critique, developers routinely integrate lightweight
paralinguistic cues into their review comments [15].

2.2 Non-Verbal Signals in Code Review

Recent studies extend software engineering sentiment analysis be-
yond plain text by investigating the role of emojis in collaborative
workflows. In pull requests and code reviews, developers frequently
utilize emoji reactions as non-verbal, paralinguistic cues that sup-
plement written communication [1, 21]. While these visual artifacts
convey critical affective feedback, empirical evidence confirms that
they complement rather than replace substantive textual discus-
sion [21]. Despite their prevalence, however, prior work has rarely
examined the dynamic interplay between explicit emoji usage and
underlying lexical polarity. In particular, understanding how these
non-verbal cues modulate the perceived tone of technical critiques
remains an open methodological and empirical challenge.
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Specifically, emojis often act as ‘mitigation markers. Research
indicates that reviewers employ positive emojis (e.g., ‘thumbs up’
or ‘smile’) to soften critical comments or reinforce approval, main-
taining social cohesion without compromising technical rigor [21].
Disregarding these nonverbal signals leads to an incomplete anal-
ysis of review sentiment. Therefore, our emoji-aware approach
integrates both the lexical content and the modifying effect of ac-
companying emojis to ensure accurate detection.

Context determines the function of these symbols. While devel-
opers use emojis in documentation to emphasize technical content,
their application in pull requests primarily communicates sentiment
[13]. These signals capture specific emotional states, such as joy or
anger, rather than simple binary polarity [7]. To support this com-
munication, platforms introduced formal ‘reaction’ mechanisms.
Developers use these features to provide low-noise feedback, sepa-
rating emotional expression from technical discussion [4]. Effective
analysis must therefore distinguish between these functional and
affective roles. Yet, while these patterns define human-to-human
collaboration, the extent to which they persist in interactions with
non-human agents remains an open question.

2.3 Human Interaction with Automated Agents

In this study, we use the term agentic to characterize software
systems that transition beyond passive code recommendation to
autonomously plan and execute complex, multi-step engineering
tasks. Within collaborative repository workflows, these systems
independently generate code modifications and submit formal pull
requests without continuous human intervention [20].

The integration of artificial intelligence alters code review prac-
tices. Research indicates that Al-powered pair programming shifts
developer effort from code authoring to evaluating machine-generated
suggestions, often increasing the time allocated to review [6, 20].
This shift raises questions about monitoring Al-generated code.
Tracking agent-authored contributions is necessary to understand
the effects on build failures, test outcomes, and post-release defects,
and to calibrate review scrutiny [6, 14, 16]. Beyond technical met-
rics, these concerns prompt an investigation into the social norms
developers apply when responding to non-human contributors.

Code review automation relied on rule-based bots to flag style
violations or coverage gaps. Developers typically treated these tools
as functional instruments rather than social counterparts [23]. How-
ever, recent advancements in deep learning have shifted automation
toward generative tasks designed to imitate human developers, such
as synthesizing natural-language review comments and proposing
complex code modifications [19]. This evolution challenges estab-
lished social boundaries. While developers maintain polite norms
with human peers to preserve professional relationships, it remains
unclear if this social contract extends to machines that emulate
human behavior. Consequently, this study investigates whether the
contributor’s identity, human or agent, alters the socio-affective
dynamics of the review. Specifically, we analyze textual sentiment
and the use of nonverbal mitigating signals (e.g., emojis) to deter-
mine whether developers apply the same politeness norms to Al as
they do to human peers.
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3 Dataset

We base our study on AIDev [11], a large-scale dataset of agent-
authored pull requests mined from real-world GitHub repositories
and released as part of the MSR Mining Challenge. AIDev contains
932,791 Agentic-PRs spanning 116,211 repositories and 72,189 devel-
opers, covering contributions generated by five Al agents: Claude
Code, Cursor, Devin, GitHub Copilot, and OpenAlI Codex.

For this paper, we analyze a curated subset of AlDev, referred to
as AIDev-pop, which includes only repositories with more than 100
GitHub stars. This filtering reduces the dataset to 33,596 Agentic-
PRs from 2,807 popular repositories and ensures consistent avail-
ability of review and comment data, which is essential for studying
review dynamics. Within AIDev-pop, we merged entries from the
pr_reviews (28,875 entries) and pr_review_comments (26,868 en-
tries) tables into a unified review interaction dataset, yielding 37,235
review-related entries used in our analyses.

To enable comparative analyses between agent- and human-
authored contributions, we also required review comments from
human-authored pull requests. Because the base dataset provides
metadata for human-authored PRs without their corresponding
review discussions, we developed a Python script to retrieve all
associated review comments and review states using the GitHub
GraphQL APL

We also used a large language model as an auxiliary tool to
suggest candidate automation accounts based on common nam-
ing patterns; all suggestions were validated manually. The final
classification of reviewers as human or automated was validated
manually by the authors. We identified automated reviewers us-
ing a rule-based approach over GitHub usernames. Specifically, we
flagged accounts whose login matched (i) explicit bot markers (e.g.,
suffix “[bot]” or the token “bot”), (ii) automation-related keywords
(e.g., “actions”, “agent”), and (iii) a curated list of known automation
and Al-reviewer accounts observed in GitHub pull request work-
flows. The script records which rule triggered each classification to
support transparency and reproducibility.

4 Data Analysis

For RQ1, we analyzed the affective tone of pull request feedback
using a two-stage sentiment analysis approach. First, we applied
VADER (Valence Aware Dictionary and sEntiment Reasoner) [10],
a lexicon- and rule-based sentiment analysis tool, to all review-
related textual content, separately for reviews authored by human
developers and by automated agents. VADER maps lexical features
to sentiment intensity scores and calculates a normalized compound
score ranging from -1.0 (extremely negative) to +1.0 (extremely
positive). We selected VADER due to its established effectiveness
on short, informal, and opinionated text, which closely resembles
the linguistic style of code review discussions. This step provides
a text-only baseline sentiment signal for both human- and agent-
generated feedback.

In a second step, we extended VADER with a custom emoji lexi-
con, motivated by the use of emojis as affective cues in developer
communication. Grounded in prior empirical work showing that
emojis in pull requests serve primarily as secondary affective ampli-
fiers rather than primary carriers of meaning [? ? ], we computed
a composite sentiment score that prioritizes textual content while
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still incorporating emoji-based affect. Emojis commonly observed
in review discussions were mapped to domain-informed sentiment
values (e.g., & > +2, = > -2, % — +3, & — —1), while am-
biguous emojis (e.g., £2) were treated as neutral. The final score is
defined as:

FinalScore = (0.7 x VADER) + (0.3 x EmaojiScore).

This weighting assigns greater influence to textual sentiment while
allowing emojis to modulate the overall score without over-amplifying
isolated emoji usage. For example, the comment ‘I’m not sure the
agent considered the edge cases & ” receives a near-neutral VADER
score (—0.02), but the negative emoji shifts the composite score
to —0.47, providing face validity by more accurately capturing re-
viewer concern. Conversely, LGTM % ” combines a moderately
positive textual sentiment with a strongly positive emoji, yielding
a clearly positive final score.

Once automated agents rarely use emojis in their review feed-
back (as shown in Tables 1 and 2, where emoji_mean is nearly zero
for automated reviewers), the composite score for agent-generated
comments is functionally equivalent to the VADER-only baseline.
Thus, our central comparative analysis between human and agent
reviewers remains robust and is unlikely to be affected by alterna-
tive weighting schemes. The same scoring approach applies to RQ2,
where we analyze comments on human-generated pull requests.

To address RQ3, we analyzed how sentiment evolves throughout
the review lifecycle of a pull request. For each pull request, we
ordered all review-related comments by their submission timestamp.
Using the composite sentiment score described above, we then
computed three trajectory-based metrics: (i) the sentiment of the
first review comment, (ii) the sentiment of the last review comment,
and (iii) the sentiment slope, defined as the linear trend of sentiment
across successive comments within the pull request. The sentiment
slope captures whether reviewer sentiment becomes more positive
or more negative as the review progresses.

We compared sentiment slopes between human-generated and
agent-generated pull requests using the Mann-Whitney U test, a
non-parametric alternative suitable for skewed distributions. To
quantify the magnitude of observed differences, we report effect
sizes using Cliff’s delta ().

For RQ4, we conducted a qualitative analysis that is descriptive
and illustrative rather than inductive. Our objective was not to
derive emergent themes or construct theory, but to contextualize
and exemplify the quantitative sentiment findings by inspecting
representative developer comments. Accordingly, we do not per-
form a formal thematic analysis nor claim theoretical saturation;
instead, we present selected examples that illustrate how sentiment
polarity and emoji usage manifest in daily code review interactions.

To select these examples, we employed purposive sampling strati-
fied across all four reviewer-type x pull request origin combinations.
Within each of the four experimental cohorts, we selected represen-
tative comments spanning the three primary sentiment categories
observed in the quantitative data: positive, neutral, and negative.
To ensure our qualitative illustrations reflect general repository
behavior rather than anomalous artifacts, we selected comments
typical of the most frequent textual and emoji patterns rather than
extreme outliers. The initial selection was conducted by one author
and independently cross-checked by a second author.
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5 Results
5.1 RQ1. Sentiment on Agent-Generated Pull
Requests

Human feedback on agent-generated pull requests is pre-
dominantly positive or neutral, indicating a constructively
oriented review culture. As shown in Table 1, positive feedback
constitutes the largest proportion of human review comments,
achieving a composite mean score of 0.362. This positive affect
is driven primarily by lexical textual sentiment (VADER mean =
0.462), while emojis provide a secondary reinforcement effect (emoji
mean = 0.130). Meanwhile, neutral comments cluster tightly around
zero, characteristic of objective, informational, or diagnostic code
discussions. Conversely, negative comments appear significantly
less frequently and exhibit moderate affective polarity (composite
mean = —0.287), which is again conveyed almost entirely through
structured textual critique. Overall, emoji usage within human feed-
back remains modest and structurally asymmetric—acting primarily
as an amplifier for approval and encouragement rather than as a
vehicle for technical criticism or disapproval.

Agent feedback on agent-generated pull requests follows a
similarly constructive overarching distribution, but exhibits
significantly stronger lexical polarity. Automated review com-
ments classified as positive demonstrate markedly higher textual
positivity (VADER mean = 0.602) and a correspondingly higher
composite sentiment score (0.427) than equivalent human feedback
(0.362). However, this elevated score is driven entirely by written
vocabulary; emojis contribute a negligible signal to agent feed-
back (emoji mean = 0.019, compared to 0.130 for humans). This
near-complete absence of visual paralinguistic cues indicates that
automated reviewers rely almost exclusively on formal, structured
textual phrasing rather than informal affective markers to commu-
nicate approval and verification.

For negative comments, agents also exhibit stronger textual neg-
ativity (VADER mean = —0.566) than humans (-0.409), resulting
in a more negative composite score (-0.395 vs. —0.287). Neutral
comments from both sources remain centered around zero, with
minimal variance, indicating that both human and automated re-
viewers frequently provide informational or descriptive feedback
with minimal emotional tone.

We compared the scores of human and agent review comments
on agent-generated pull requests using the non-parametric Mann-
Whitney U test. To quantify the magnitude of these differences on
a compatible, rank-based scale, we reported the effect size using
Cliff’s delta (9), interpreted according to the thresholds defined by
Romano et al. [17]: negligible (|§| < 0.147), small (0.147 < || <
0.33), medium (0.33 < |§] < 0.474), and large (|5| > 0.474) (Table 1).

All differences were statistically significant (p < .001), but effect
sizes were small: Cliff’s delta indicates a small effect for positive
comments (§ = —0.183), negligible for neutral comments (§ =
0.029), and small-to-moderate for negative comments (§ = 0.303).
Thus, while sentiment distributions differ significantly, practical
differences are modest and concentrated mainly in negative inter-
actions. Overall, human reviewers generally engage with agent-
generated pull requests in a constructive and restrained manner,
relying primarily on textual cues to express affect, with emojis act-
ing as a secondary signal that mainly reinforces positive sentiment.
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Summary for RQ1: Human comments on agent-
generated pull requests are predominantly positive or
neutral, reflecting constructive human—-AlI collaboration.
While sharing this overall distribution, automated agents
display stronger textual polarity—being more intense in
both praise and critique—and communicate exclusively
through text without the supportive emojis occasionally
used by human reviewers.

5.2 RQ2.Sentiment on Human-Generated Pull
Requests

Human feedback on human-generated pull requests is also
predominantly positive or neutral. As shown in Table 2, posi-
tive comments form the largest category (composite mean = 0.339),
driven mainly by textual sentiment (VADER mean = 0.462) and
reinforced by emojis (emoji mean = 0.534). Neutral comments cen-
ter tightly around zero (composite mean ~ 0), reflecting routine
informational and technical exchanges. Negative comments are
less frequent and moderately negative (composite mean = —0.260),
again expressed primarily through text.

Agent feedback on human-generated pull requests follows
a similar distribution but exhibits stronger textual polarity.
Agent comments classified as positive show higher textual positiv-
ity (VADER mean = 0.590) and a higher composite sentiment score
(0.415) compared to human comments (0.339). However, emojis are
almost absent in agent feedback (emoji mean = 0.0068), suggest-
ing that automated reviewers rely almost exclusively on textual
sentiment cues.

For negative comments, agents again display stronger textual
negativity (VADER mean = —0.541) than humans (-0.365), resulting
in a more negative composite score (-0.379 vs. —0.260). Neutral
comments from both sources remain centered around zero with
minimal variation, indicating that both human and automated re-
viewers frequently provide factual or procedural feedback without
a strong emotional tone.

We compared human and agent composite sentiment scores on
human-generated pull requests using the Mann-Whitney U test
and Cliff’s delta (Table 2). Differences were statistically significant
for negative and positive comments (p < .001), but not for neutral
comments (p = 0.096). Effect sizes were medium for negative
(6 = 0.391), small for positive (§ = —0.243), and negligible for
neutral comments (§ = 0.021). These results confirm that agent
feedback is more strongly polarized in both directions, while neutral
interactions remain comparable.

Summary for RQ2: Comments on human-generated pull
requests are predominantly positive or neutral, demonstrat-
ing broadly comparable overarching sentiment dynamics
across reviewer types. However, automated agents exhibit
stronger textual polarity in both praise and critique, and
rely exclusively on text without the supportive emojis used
by humans.
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Table 1: Sentiment Analysis of Human and Agent Feedback on Agent-generated Pull Request. Mann-Whitney U tests and
Cliff’s § compare Human and Agent comments within each sentiment label using the composite score.

source  sentiment count vader_mean emoji_mean composite_mean  pvalue Cliff’s §
Human negative 2468 -0.409 -0.003 -0.287

Agent  negative 3235 -0.566 0.006 -0.395 p <.0000 0.303 (small)
Human neutral 7683 -0.000 0.000 -0.000

Agent  neutral 1871 -0.002 0.003 -0.001 p =.0000 0.029 (negligible)
Human positive 6448 0.462 0.130 0.362

Agent  positive 10438 0.602 0.019 0.427 p <.0000 -0.183 (small)

Table 2: Sentiment Analysis of Human and Agent Feedback on Human-generated Pull Request. Mann-Whitney U tests and
Cliff’s § compare Human and Agent comments within each sentiment label using the composite score.

source  sentiment count vader_mean emoji_mean composite_mean pvalue Cliff’s §
Human negative 907 -0.365 -0.006 -0.260

Agent  negative 656 -0.541 0.000 -0.379 p <.0000 0.391 (medium)
Human neutral 2595 0.0004 -0.0013 -0.00016

Agent  neutral 340 0.00065 0.000 0.00046 p=10.096 0.021 (negligible)
Human positive 2261 0.462 0.534 0.339

Agent  positive 1029 0.590 0.0068 0.415 p <.0000 -0.243 (small)

5.3 RQ3: Sentiment Trajectories in Code Review

5.3.1 Trajectories on Agent-generated pull request. Table 3
summarizes sentiment trajectory characteristics for reviews of
agent-generated pull requests. On average, pull requests reviewed
by humans and agents received comparable numbers of comments
(5.9 and 5.4, respectively). However, the evolution of sentiment
across the review discussion differs slightly between the two sources.

Human review comments show a small positive change in sen-
timent between the first and last comment (A = 0.037) and a pos-
itive average slope (0.018), indicating that discussions involving
human reviewers tend to become slightly more positive as the
review progresses. In contrast, agent review comments exhibit a
small negative sentiment change (A = —0.022) and a negative slope
(-0.012), suggesting a mild decline in sentiment throughout the
review interaction.

A Mann-Whitney U test indicates that sentiment slopes differ
significantly between human and agent comments (p < 0.001), but
with small effect (5§ = 0.09) showing this practical difference is
limited. Overall, review sentiment on agent-generated pull requests
becomes slightly more positive over time with human participation,
whereas automated reviewer interactions show a modest downward
trend.

e D'
Summary for RQ3.1: Review discussions on agent-
generated pull requests evolve differently by reviewer type:
human sentiment gradually improves over time, whereas
automated reviewers exhibit a mild decline. However, a
small statistical effect size suggests these overarching tra-
jectories remain broadly comparable.

5.3.2 Sentiment Trajectories in Human-generated Pull Re-
quests. Table 4 summarizes sentiment trajectory characteristics
for reviews of human-generated pull requests. On average, pull re-
quests reviewed by humans receive slightly more comments (7.68)
than those reviewed by agents (6.63), suggesting somewhat longer
review discussions among human participants.

Both human and agent reviewers exhibit positive sentiment
trajectories throughout the review process. Human reviewers show
a slightly higher mean sentiment change between the first and last
comment (A = 0.035) and a marginally higher average sentiment
slope (0.008), indicating that discussions involving human reviewers
tend to become somewhat more positive as the review progresses.
Agent reviewers also display a positive trajectory (A = 0.010, slope
= 0.006), though the magnitude of this increase is smaller.

A Mann-Whitney U test comparing the distribution of senti-
ment slopes between human and agent reviewers does not reveal a
statistically significant difference (p = 0.404). The associated effect
size, measured using Cliff’s delta, is negligible (§ = 0.034). These
results suggest that the evolution of sentiment during the review
of human-generated pull requests is broadly similar for human and
automated reviewers.

r -
Summary for RQ3.2: Both human and agent reviewers
exhibit slightly improving sentiment trajectories when re-
viewing human-generated pull requests. Although humans
show marginally higher positive sentiment gain, this dif-
ference is not statistically significant and the effect size is
negligible, indicating largely comparable emotional evolu-
tion across reviewer types.
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Table 3: Summary of sentiment trajectory metrics agent-
generated pull requests.

mean comments mean A mean slope trend

Human 5.9 0.037 0.018
Agent 5.4 -0.022 -0.012 l

Notes. U = 3,440,392, p < 0.001, § = 0.09

5.4 RQ4. Sentiment Patterns in Practice

To contextualize the quantitative findings, we examined represen-
tative review comments on agent- and human-generated pull re-
quests, focusing on how sentiment and emoji usage are manifested
in practice.

5.4.1 Human review comments on Agent-generated pull re-
quests. Human review comments on agent-generated pull requests
are typically short, conversational, and socially expressive. Positive
feedback often appears as brief approval statements or emoji reac-
tions that signal agreement with minimal textual explanation. For
example:

“Wow!! LGTM &~

These comments illustrate how human reviewers frequently use
emojis as lightweight approval signals that reinforce positive senti-
ment. In many cases, emojis complement short textual responses,
allowing reviewers to acknowledge acceptable changes quickly
without extensive explanation.

Neutral comments often appear as brief acknowledgments or
reactions that indicate engagement but convey little emotional
polarity. For instance:

« »

Such reactions function primarily as social signals rather than
substantive feedback.

Negative feedback from human reviewers tends to focus on spe-
cific technical issues rather than emotional expression. For example:

“It failed: https://github.com/...”
“No issues with the way this is implemented, but ...”

Even when criticism is present, the tone remains task-focused
and professional, reflecting established norms of constructive code
review.

5.4.2 Agent review comments on Agent-generated pull re-
quests. Agent-generated review comments on agent-generated
pull requests differ in style and structure. Rather than short conver-
sational responses, agent comments tend to be longer, structured,
and report-like, often providing summaries of the pull request or
automated analyses.

For example, some agent comments begin with structured sum-
maries:

“Greptile Summary This PR introduces a comprehensive

»

or

“Pull Request Overview This PR improves logging func-
tionality ...”
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Table 4: Summary of sentiment trajectory metrics for human-
generated pull requests.

mean comments mean A mean slope trend

Agent 6.627 0.010 0.006
Human 7.682 0.035 0.008

Notes. U = 103,176.5, p = 0.404, § = 0.034

In other cases, agents generate structured reports that summarize
detected issues or suggested improvements:

“Actionable comments posted: 117

Agent comments may also include structured bug reports de-
scribing potential problems in the code:

“Bug: Incorrect Implementation ...”

These examples illustrate how agent-generated comments re-
semble automated analysis reports rather than conversational feed-
back. Unlike human reviewers, agents rarely use emojis and instead
communicate sentiment almost entirely through structured textual
explanations.

Overall, while both humans and agents participate in reviewing
agent-generated pull requests, their communication styles differ.
Human reviewers tend to combine technical feedback with light-
weight social signals, such as emojis, whereas automated reviewers
produce longer, more structured comments that summarize changes
and identify issues.

5.4.3 Human review comments on Human-generated pull
requests. Human review comments on human-generated pull re-
quests tend to be conversational, collaborative, and technically
focused, often mixing short acknowledgements with specific im-
plementation suggestions. Positive feedback often takes the form
of expressions of appreciation or confirmation that changes have
been implemented.
For example, some comments express gratitude after updates:

“Thank you. ¢ » I've removed the env section.”

Human reviewers also commonly provide direct improvement
suggestions, phrased as conversational requests:

“Can you wrap this in a try/catch, after that you can
rethrow the error?”

Other comments include short technical clarifications or expla-
nations about implementation details:

“Because prisma can have a related model as a field...”

These illustrative examples demonstrate that human reviewers
prioritize collaborative problem-solving, blending concise technical
guidance with paralinguistic social signals, such as emojis. Even
when identifying flaws or requesting substantive revisions, hu-
man feedback maintains a distinctly constructive tone, centering
on shared project goals and collective improvement of the imple-
mentation. By balancing professional critique with these informal
affective cues, human reviewers reinforce team rapport and mitigate
the potential for friction often inherent in asynchronous technical
review.
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54.4 Agent review comments on Human-generated pull re-
quests. Agent-generated review comments on human-generated
pull requests exhibit a more structured and diagnostic style. Rather
than conversational feedback, agent comments often resemble au-
tomated analysis reports that highlight potential issues, refactoring
opportunities, or stylistic improvements.

For instance, many agent comments explicitly flag potential
problems:

“A. Potential issue with the time threshold logic...”

Other comments present structured suggestions for improving
the code:

“8% Refactor suggestion: address package structure...”

Agent comments may also include labeled sections that describe
the type of feedback being provided:

“< Nitpick (assertive): device logout changes...”

Unlike human reviewers, agents rarely engage in conversational
exchanges or acknowledgements. Instead, their comments focus
on structured diagnostics and improvement suggestions, often for-
matted with headings or categories that clarify the nature of the
detected issue.

Overall, while both humans and agents contribute actionable
feedback when reviewing human-generated pull requests, their
communication styles differ. Human reviewers emphasize collabo-
rative dialogue and contextual explanations, whereas automated
reviewers tend to produce structured reports that prioritize clarity,
consistency, and issue detection.

s )
Summary for RQ4: Across all scenarios, review discus-
sions remain predominantly constructive and neutral-to-
positive. While human reviewers use a conversational style
with emojis to reinforce approval, agents produce longer,
structured comments resembling automated diagnostic
reports. Thus, while the emotional tone remains similar,
humans rely on social cues and conversational language,
whereas agents communicate sentiment primarily through
structured text.

6 Discussion

Prior sentiment studies in code review [3, 9, 15] focus exclusively on
human-to-human interactions. To our knowledge, we are the first to
characterize developer sentiment specifically in the context of agent-
generated pull requests at scale, using a real-world dataset (AIDev).
Moving from human-only teams to Al-integrated workflows raises
important socio-technical questions about how affective norms
evolve when code is authored by machines.

In broader human—-computer interaction, research shows that
people prefer human empathy over Al empathy—even when they
rate Al empathy higher [22], suggesting that social norms do not
align with a simple preference for technical competence. To under-
stand whether similar interpersonal dynamics hold in code review,
where developers must evaluate contributions from automated
agents, we examined sentiment expressions across both review
contexts. Two consistent patterns emerge from this analysis. First,
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regarding overall tone, review comments—whether authored by hu-
mans or agents—are predominantly positive or neutral, indicating
that code review interactions remain largely constructive regard-
less of contribution origin. Second, regarding emotional intensity,
agent-generated feedback exhibits significantly stronger textual po-
larity than human feedback: agents produce more strongly positive
comments when expressing approval and more strongly negative
comments when identifying issues. This polarity gap appears across
both contexts but is especially pronounced when agents review
human-generated pull requests, where the effect size for negative
comments reaches a medium magnitude (§ = 0.391), compared to
the smaller effects observed on agent-generated code.

These findings align with prior work suggesting that code re-
view discourse is typically task-focused and normatively polite,
even when disagreements arise [9]. Overall, these results suggest
that developers interact with Al-generated contributions in ways
that resemble traditional human-human code review dynamics,
maintaining constructive and professional communication patterns.

Another consistent difference concerns the use of emojis. Human
reviewers use emojis to reinforce positive feedback while softening
critical remarks, whereas agent comments almost never include
emojis, relying almost entirely on textual cues to convey affect.
The incorporation of emoji-aware sentiment analysis, therefore,
provides an important complementary signal for understanding
review interactions. Emojis appear to function primarily as affec-
tive amplifiers: they reinforce positive feedback (e.g., approval or
encouragement) and occasionally soften critical remarks, while
negative feedback itself is conveyed largely through textual and
technical language. This asymmetric use of emojis mirrors findings
in [21], which show that emoji reactions in pull requests comple-
ment rather than replace substantive discussion.

The emoji asymmetry raises a practical question about how
automated reviewers communicate criticism. Prior work shows
that emojis soften negative feedback and reinforce approval in pull
request discussions [21]. When an agent flags an issue without any
mitigating signal, the comment may read as more blunt than an
equivalent human comment, even if the textual content is similar
in polarity. Whether this difference in style affects how developers
receive and act on agent feedback is not clear from our data; it
warrants direct investigation through controlled experiments or
developer interviews.

Despite these stylistic differences, the overall sentiment struc-
ture of review interactions remains broadly similar across scenarios,
with neutral comments centered around zero and statistical differ-
ences generally accompanied by small or moderate effect sizes.
Together, these results suggest that while automated reviewers dis-
play slightly stronger sentiment polarity and a more text-centric
communication style, they participate in code review exchanges in
ways that remain largely aligned with human review dynamics. In
the context of agent-generated pull requests, emojis thus appear to
function as lightweight social signals that help maintain a collegial
tone rather than as primary carriers of criticism or concern.

The trajectory analyses reveal asymmetry in how sentiment
evolves during review discussions. While El Asri et al. [3] link sen-
timent to review outcomes, no prior work analyzes how sentiment
evolves within individual review discussions across reviewer types
and PR origins. In our data, when reviewing agent-generated pull
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requests, human reviewers exhibit slightly improved sentiment tra-
jectories, whereas agent reviewers show a mild decline in sentiment
over the course of the discussion. Although this difference is statis-
tically significant, the effect size is small, indicating only modest
practical differences. In contrast, when reviewing human-generated
pull requests, both human and agent reviewers exhibit similarly
positive sentiment trajectories, with no statistically significant dif-
ference observed.

That said, a broadly positive tone does not tell us whether de-
velopers are indifferent to the origin of a contribution or simply
maintain professional norms regardless. Research on human-AI
interaction suggests that people sometimes prefer human-sourced
feedback even when they rate Al-generated responses as equiva-
lent or superior [22]. If similar preferences operate in code review,
the positive tone we observe may reflect politeness conventions
rather than genuine acceptance of agent-generated code. Sentiment
analysis alone cannot distinguish between these interpretations;
survey-based or interview methods would be needed to separate
them.

This pattern suggests that sentiment dynamics during code re-
view are largely stable across reviewer types when interacting
with human-generated contributions, but diverge slightly when
automated reviewers interact with agent-generated code. One pos-
sible interpretation is that automated reviewers adopt a somewhat
stricter or more corrective tone when evaluating agent-generated
contributions, whereas discussions involving human-authored code
maintain a consistently constructive trajectory regardless of re-
viewer type. Overall, these results indicate that while automated
reviewers participate in review conversations with sentiment dy-
namics broadly similar to humans, subtle differences emerge in
interactions involving automated code generation.

A further concern is whether VADER, which was designed for
social media text [10], fits the register of code review comments.
Review comments are often terse, imperative, or domain-specific,
which may cause VADER to classify substantive feedback as neu-
tral when it carries technical weight. The high share of neutral
comments in our data (e.g., 7,683 of 16,599 human comments on
agent-generated pull requests) may partly reflect this mismatch
rather than true affective neutrality. Our emoji extension mitigates
the problem for comments that include emojis, but most comments
do not. Whether tools calibrated for technical discourse, such as
SentiCR [2], produce systematically different classifications on this
data remains an open question.

Consistent qualitative patterns emerge regarding how humans
and agents express sentiment during code review interactions. First,
human reviewers tend to communicate in a conversational and
collaborative style, often combining short technical suggestions
with lightweight social signals such as emojis (e.g., ' &, 77, ¢ ). These
reactions frequently accompany brief approval statements such as
“LGTM”, serving as quick acknowledgements that reinforce positive
sentiment without requiring lengthy explanations.

Second, agent-generated review comments follow a markedly dif-
ferent communication style. Rather than conversational responses,
agent comments typically appear as structured diagnostic reports
or summaries of the pull request. These comments often include la-
beled sections, categorized suggestions, or automatically generated
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issue descriptions. As a result, agent feedback tends to be longer
and more structured, focusing on technical analysis rather than
social interaction.

Third, the interaction dynamics differ slightly depending on
the origin of the pull request. When reviewing agent-generated
pull requests, human reviewers frequently use brief approvals and
emojis to acknowledge acceptable automated changes, suggesting
that these reviews are often lightweight confirmations rather than
extended discussions. In contrast, agent reviewers tend to generate
structured summaries and automated issue reports when reviewing
agent-generated contributions.

Finally, when reviewing human-generated pull requests, both hu-
man and agent reviewers provide more detailed technical feedback.
Human reviewers typically frame suggestions in a conversational
tone that reflects collaborative problem-solving, whereas agent re-
viewers continue to produce structured diagnostic comments that
highlight potential improvements or issues.

Taken together, these qualitative observations reinforce our
quantitative results: while the overall emotional tone of review
discussions remains resiliently constructive across all scenarios,
humans and agents express sentiment through distinctly different
communication styles. Human reviewers rely on conversational
language and social signals to convey affect, whereas automated
reviewers communicate sentiment primarily through structured
textual analyses.

Synthesizing these socio-technical dynamics reveals exactly how
our work converges with, and departs from, the existing literature.
Our findings converge with prior research in two key respects: code
review discourse remains predominantly constructive regardless
of PR origin, consistent with El Asri et al. [3], and emojis serve
to complement rather than replace textual discussion, consistent
with Wang et al. [21]. However, our empirical analysis breaks new
ground by identifying two phenomena with no prior precedent in
the literature: the emoji asymmetry between human and automated
reviewers, and the diverging sentiment trajectories that emerge
when automated reviewers interact with agent-generated code.

Figure 1 illustrates the summary of the entire process of the
study, since methodology to reach the results. The NotebookLM
tool was used to generate the image.

6.1 Threats to Validity

We structure our discussion of validity following Wohlin et al. [24].
Construct validity may be affected by the specific tools and
heuristics used for classification. First, because VADER is optimized
for social media, it might incorrectly categorize terse, imperative, or
highly technical code review feedback as neutral. Second, our com-
posite sentiment score relies on a 0.7/0.3 text-to-emoji weighting
that has not been validated against manual annotations. While alter-
native weighting schemes could alter individual scores, two factors
mitigate this threat: we transparently report isolated VADER and
emoji means throughout our results, and because automated agents
rarely use emojis, their sentiment signal is functionally equivalent
to the text-only baseline regardless of the ratio. Thus, our core
human-versus-agent comparisons remain robust, though validat-
ing this composite scoring mechanism against a manually labeled
benchmark remains an important step for future work.
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Human vs. Agent: An Emoji-Aware Sentiment Analysis of Agentic Code Review

Explaining the methodology and comparative results of sentiment expression between human and automated reviewers in modern software engineering workflows.
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Figure 1: Summary of Methodology and Results.
Image created using NotebookLM

Internal validity is limited by unmeasured confounding vari-
ables. While our design explicitly stratifies data by reviewer type
and PR origin to control for primary sources of variance, we cannot
establish a causal link between contribution origin and reviewer
sentiment. Specifically, we did not perform a multivariate regression
controlling for comment length, PR size, repository culture, agent
family, or the number of review comments. While these covariates
could explain part of the observed variation, their practical impact
is limited: our reported effect sizes are consistently negligible-to-
small (|6] < 0.30), and our overarching finding of predominantly
positive or neutral sentiment holds across all experimental cohorts.
Additionally, our sentiment trajectory analyses assume sequential
comment ordering; if developers respond in parallel threads, com-
puted slopes may not reflect the actual progression of the review.

External validity. We restrict our analysis to repositories with
more than 100 GitHub stars (AIDev-pop), which likely represent
projects with more established review practices and greater ex-
perience with automation. Results may not generalize to smaller
repositories, private codebases, or projects earlier in their adoption
of agent-generated contributions.

Reliability. We release the emoji lexicon, the bot classifica-
tion script, and the classification rules via the replication package.
VADER is a standard tool and can be applied independently. Manual
validation of bot accounts introduces subjectivity, which a different
team of annotators might interpret differently.

7 Limitations

While our study offers comprehensive insights into the sentiment
dynamics of collaborative code review, it is subject to certain bound-
ary conditions that limit the generalizability of our results. We
highlight five primary limitations:

(1) Our dataset is restricted to GitHub repositories with over 100
stars, meaning our findings may not generalize to smaller or
private commercial codebases with different review cultures.
Our observational design identifies correlational sentiment
patterns but precludes establishing causal links between
reviewer affect and pull request origin.

Our sentiment classification relies on VADER [10], which
is optimized for social media and may misclassify terse or
technical code review comments as neutral, likely inflating
our neutral category.

While our 0.7 /0.3 text-to-emoji composite weighting is domain-
informed and supplemented by isolated mean reporting, it
has not been validated against manual human annotations.
Our qualitative analysis in RQ4 serves an exploratory, illus-
trative purpose to provide nuance to our quantitative find-
ings; consequently, it does not aim to establish an exhaustive
taxonomy of communication styles, but rather to ground our
statistical results in observable developer discourse.

@)
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8 Conclusion and Future Work

We analyzed sentiment in code review comments using the AIDev
dataset and an emoji-aware approach that combines textual scores

with emoji-based affective signals. Human feedback on agent-generated

pull requests is predominantly positive or neutral. Emojis appear
mainly as secondary signals that reinforce approval; criticism is ex-
pressed almost entirely through text. Automated reviewers exhibit
stronger textual polarity in both directions but rarely use emojis,
relying instead on structured, report-like comments.

Sentiment trajectories differ slightly by context: reviews of agent-
generated pull requests show a mild negative slope when automated
reviewers participate, whereas reviews of human-generated pull
requests follow a positive trajectory regardless of reviewer type.
Effect sizes are small throughout, which limits the practical signifi-
cance of these differences.

Taken together, the data suggest that developers engage with
agent-generated contributions in a broadly constructive way. How-
ever, the communication norms that govern these interactions differ
from those observed in human-to-human review. Whether these
differences reflect distrust, adaptation, or simply the functional
design of automated review tools remains an open question.

As future work, interviews or surveys could triangulate these
findings and clarify reviewer intent, perceived trust, and cognitive
load when evaluating agent-generated code. Longitudinal studies
could also examine whether sentiment patterns shift as developers
accumulate experience with agent-generated contributions.

Artifact Availability

The scripts supporting the findings of this study are available at
https://doi.org/10.5281/zenodo.21312971.

Use of Generative Artificial Intelligence

GenAl tools were used in this work to: (1) Gemini 3.1 Pro was used
to review text and grammar and transform spreadsheets into LaTeX
tables; (2) The NotebookLM tool was used to generate the image.
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