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ABSTRACT
The widespread use of bots to support software development makes
social coding platforms such as GitHub a particularly rich source of
data for the study of human-bot interaction. Software development
bots are used to automate repetitive tasks, interacting with their
human counterparts via comments posted on the various discus-
sion interfaces available on such platforms. One type of interaction
supported by GitHub involves reacting to comments using prede-
fined emoji. To investigate how users react to bot comments, we
conducted an observational study comprising 54 million GitHub
comments, with a particular focus on comments that elicited the
laugh reaction. The results from our analysis suggest that some
reaction types are not equally distributed across human and bot
comments and that a bot’s design and purpose influence the types
of reactions it receives. Furthermore, while the laugh reaction is not
exclusively used to express laughter, it can be used to convey humor
when a bot behaves unexpectedly. These insights could inform the
way bots are designed and help developers equip them with the
ability to recognize and recover from unanticipated situations. In
turn, bots could better support the communication, collaboration,
and productivity of teams using social coding platforms.
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1 INTRODUCTION
The popularity of social coding platforms for software develop-
ment has been steadily rising over the last decade. These platforms
support several tasks related to the software development process,
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such as flagging issues, proposing changes to address those issues,
and reviewing the proposed changes. For some tasks, users can
interact using discussion threads, which are associated with a given
issue or proposed change. Bots that support developers with these
tasks have become popular and their participation in discussions
is increasingly commonplace [30]. Those bots—also referred to
as chatbots—interact using natural language via comments. Users
can then respond to these comments and—in some platforms (e.g.,
GitHub)—react to them using predefined emoji (see Fig. 1).

Although researchers have separately studied the use of bots on
GitHub [30, 33] and the role of reactions in discussion threads [4, 26],
only a few studies have addressed how users interact with bots via
the reaction interface, and these have focused on specific bots [5]
or on providing general design principles [15]. Furthermore—to the
best of our knowledge—no study has investigated howusers interact
with bot comments using the laugh reaction. As humor has been
proposed to make interactions with chatbots more enjoyable [7,
13] (including in task-oriented settings [18, 22]) and as a way for
chatbots to recover from errors [21], a better understanding of what
makes GitHub users “laugh” at (or with) bots could help improve
chatbot user experiences on social coding platforms.

To address this gap, we conducted an exploratory observational
study that examined user reactions to comments on GitHub. We
retrieved over 54 million comments made on issue threads through-
out 2020 and guided our analysis by focusing on three aspects. First,
we looked at the overall differences between how users react to
human comments versus how they react to bot comments. Second,
we selected ten popular bots and investigated how different bots
elicit different reactions from users. For these two aspects, we first
considered all reactions and then focused on the laugh reaction. A
third aspect consisted of a qualitative analysis of randomly selected
bot comments with laugh reactions and was aimed at understand-
ing the individual characteristics of those comments. The results
from our study could help inform the design of task-oriented bots
that can better interpret how users react to their comments, detect
whether these comments have unintentionally elicited humor, and
possibly harness this humor to recover from such situations.

Figure 1: There are eight emoji reactions available on GitHub.
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2 BACKGROUND AND MOTIVATION
One of the motivations behind the widespread adoption of bots
on GitHub is the support that these bots provide with respect to
repetitive tasks [30]. Multiple studies have found that the adoption
of bots reduces manual labor, enhances code quality, and increases
productivity [1, 24, 31, 32]. Although these bots are principally
designed for supporting development tasks, they are nonetheless
interactive, communicating with human users via the various dis-
cussion interfaces available on GitHub. These bots can be therefore
studied using the Computers Are Social Actors (CASA) framework,
which posits that user interactions with computers are fundamen-
tally social in nature [20] and that many social conventions that
guide interpersonal behavior are also evident in human-computer
interaction (HCI) [19]. One such convention is the use of humor.

Early attempts to develop chatbots that explicitly incorporated
humor were started by Loehr [16], who developed a system that
used natural language and could embed puns in conversations.
Morkes et al. [18] introduced humor through a conversational
agent during a task-oriented interaction and found that the pres-
ence of humor enhanced the agent’s likability in the eyes of human
participants. More recently, research has addressed how chatbots
harness human traits like humor on social media platforms such
as Facebook [13, 25] and Twitter [11], while a survey of humor
in HCI highlighted its role in improving user experience [23]. Hu-
mor can therefore shape a significant part of a bot’s personality,
improving its interactions with users. To guide our study of the
humor that could possibly arise in bot comments on GitHub, we
frame our qualitative analysis using incongruity theories of humor.
These theories claim that “humor arises from the perception of
an incongruity between a set of expectations and what is actually
perceived” [3] and have been applied in computational humor to
recognize humorous intent [27], proposed for the study of human-
chatbot interaction [17], and used to equip task-oriented chatbots
with humor [8].

3 METHODOLOGY
We build on our review of the literature to motivate the design of an
observational study to address the three aforementioned aspects.

3.1 Data Acquisition
Our study used data acquired between February and May 2021
from the 2020 GitHub event timeline, which we extracted using
GH Archive [10]. We focused on comments made on issues, ex-
tracting events of type IssueCommentEvent. This provided us with
54,394,463 events. To retrieve the reactions to these events, we
used GitHub’s REST API. This yielded 3,476,282 comments with
at least one reaction and a total of 5,427,039 reactions. Note that
some comments were unavailable at the time of access via the API,
possibly due to deletion. We then used GitHub users’ type attribute
to partition these comments into those that were made by a human
(3,457,495) and those that were made by a bot (18,787).

3.2 Data Analysis
To analyze our dataset, we followed a mixed methods approach. We
used descriptive statistics across all three aspects of our analysis.
Specifically, we report counts as well as sample means (𝑥 ), medians

(𝑥 ), and standard deviations (𝑠). We also used sentiment analysis and
inferential statistics to probe whether bot comments that elicited
a laugh reaction were different from their counterparts made by
humans. For our sentiment analysis, we first filtered the comments
to include only those in English and exclude those longer than or
equal to 50,000 characters and shorter than or equal to 50 characters.
We then applied VADER [12], which assigned a sentiment score
ranging from −1 to +1 to each comment, and SentiCR [2], which
classified comments as either non-negative or negative. We report
the results of both methods. Finally, we manually inspected the
issue discussion threads for 100 randomly-selected bot comments
with laugh reactions, performing a qualitative analysis consisting
of the following questions: (i) Was the reason for the laugh reaction
evident? (ii)Was the explanation for the laugh reaction dependent on
the comment’s context or was it standalone (i.e., only dependent on the
comment itself)? (iii)Was the laugh reaction explicitly sought by the
bot comment (i.e., directed at eliciting the laugh reaction)? (iv) Was
the laugh reaction caused by an incongruity (i.e., an inconsistency
between what users might expect from the comment and what was
actually presented in it)? To identify common themes across the
different issue discussion threads, we coded each comment, follow-
ing a strategy similar to paragraph-by-paragraph coding [29], and
proposed an explanation for the presence of the laugh reaction.

4 RESULTS
We report our results with respect to the three aspects of our study.

4.1 Human versus Bot
Bot comments with at least one reaction were made by 311 distinct
bots over 16,370 issues in 6057 repositories. Human comments with
at least one reaction were made by 691,361 distinct users, over
2,221,510 issues in 322,390 repositories.

4.1.1 All Reactions. We identified 5,397,646 reactions (from 955,515
unique users) to comments made by humans and 29,393 reactions
(from 14,264 unique users) to comments made by bots. These reac-
tions were distributed over 3,457,495 human comments and 18,787
bot comments, from a total of 38,744,040 human and 10,322,745 bot
comments that were available at the time of access. This means that
8.92% of human comments elicited reactions, while only 0.182% of
bot comments elicited reactions.

The proportion of the total number of reactions by reaction type
for both comments by human and bot users is shown in Fig. 2. Most
reactions have approximately the same proportion for both types
of users. However, while for humans 71.6% of reactions were a +1,
+1 only accounted for 48.1% of reactions to bot comments. On the
other end of the spectrum, the proportion of the -1 reaction was
higher for bots (14.5%) than for humans (2.19%).

4.1.2 Laugh Reaction. A total of 125,442 comments made by hu-
mans included a laugh reaction, while 1073 bot comments in-
cluded a laugh reaction. Of these comments, 83,406 human and
974 bot comments were included in our sentiment analysis. Using
VADER, human comments received a mean score of 𝑥 = 0.291
(𝑥 = 0.368, 𝑠 = 0.470), while bot comments received a mean score
of 𝑥 = 0.290 (𝑥 = 0.250, 𝑠 = 0.433). As the distributions of senti-
ment scores were nonparametric, we performed a Mann-Whitney
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Figure 2: Proportion of reactions received—by reaction type—
for both human and bot comments.

U test to probe for differences between the scores of human and
bot comments, observing no significant differences between them
(𝑈 = 40047367.0, 𝑝 = 0.224). Using SentiCR, 83.4% (69,596) of hu-
man comments were classified as non-negative while 16.6% (13,810)
were classified as negative. For bot comments, 89.6% (873) were clas-
sified as non-negative while 10.4% (101) were classified as negative.

4.2 Popular Bots
We selected 10 bots for further analysis based on the number of
unique users that reacted to comments posted (see Table 1).

4.2.1 All Reactions. The proportion of the total number of reac-
tions by reaction type for our selection of popular bots is shown in
Fig. 3. For certain reaction types, a few bots stand out. A total of
65.0% of reactions to comments by stale[bot], for example, are a
-1, while the group mean is 𝑥 = 14.7% (𝑥 = 13.2%, 𝑠 = 18.2%). This
is also the case for the heart reaction (𝑥 = 9.23%, 𝑥 = 8.03%, 𝑠 =

8.35%), which is more prominent on comments by welcome[bot]
(28.8%) and allcontributors[bot] (19.0%). For the +1 reaction—
which has a wide distribution of proportions (𝑥 = 38.7%, 𝑥 =

31.0%, 𝑠 = 22.8%)—issue-label-bot[bot] stands out, with +1 rep-
resenting 87.5% of reactions to its comments. Other reaction types,
such as rocket (𝑥 = 3.77%, 𝑥 = 3.62%, 𝑠 = 2.38%), have narrower
distributions.

4.2.2 Laugh Reaction. For the laugh reaction, the distribution
among these bots had a mean of 𝑥 = 6.17% (𝑥 = 6.50%, 𝑠 =

3.86%). The bot with the highest proportion of laugh reactions
was github-learning-lab[bot] (13.2%), while the bot with the
most laugh reactions was github-actions[bot], with a total of
398 reactions over 315 comments. Finally, the bot with the highest
average laugh reactions per comment (including only comments
with laugh reactions) was vscodebot[bot] (𝑥 = 2.33, 𝑥 = 2, 𝑠 =

1.66, 𝑁 = 9).

4.3 Qualitative Analysis
The comments selected for our qualitative analysis were made by
26 different bots. For 91 of the 100 comments in the sample, the
presence of the laugh reaction was evident after going through the
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Figure 3: Proportion of reactions received—by reaction type—
for a selection of popular bots.

issue discussion thread, while for the other 9, this was not the case.
For 41 comments, the explanation for the laugh reaction depended
on the context, while 57 were standalone and for 2, this was unclear.
Only 2 comments explicitly sought the laugh reaction. Of these
2, one was a joke and the other contained a funny image. Finally,
for 29 comments, the laugh reaction could have been caused by
an incongruity, while for 61 comments this was not apparently
the case, and for 10 comments, this was unclear. Fig. 4 depicts an
example of such incongruity.

The most prominent themes were tutorial (32 comments), report
(16 comments), and closing issue (16 comments). The tutorial theme
was only present in comments by github-learning-lab[bot],
while report was present in comments by 10 different bots, and
closing issue in comments by 4 different bots. Of these three themes,
tutorial comments were mostly not incongruent (Yes = 1,No =

31,Maybe = 1), while incongruity appeared more in report (Yes =
10,No = 5,Maybe = 1) and closing issue comments (Yes = 8,No =

3,Maybe = 5). Finally, some noteworthy explanations for the pres-
ence of a laugh reaction due to incongruity included the following:
(i) reaction to a bot closing an issue that had recently been reported

Figure 4: Example of the laugh reaction to a bot comment
being caused by an incongruity. While the issue depicted
is clearly spam, vscodebot[bot] suggests that it could be a
duplicate of something completely unrelated.
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Table 1: GitHub Bots that Received Reactions from the Highest Number of Distinct Users

Bot Description Distinct Users

issue-label-bot[bot] Automatically labels issues as either a feature request, bug, or question. 3564
github-actions[bot] Performs automated workflows supported by GitHub actions. 2138
stale[bot] Closes abandoned issues after a period of inactivity. 1789
github-learning-lab[bot] Helps users learn how to use GitHub. 1595
vscodebot[bot] Bot used by the VSCode repository. 966
msftbot[bot] Microsoft’s GitHub bot. 454
allcontributors[bot] Automatically adds contributor acknowledgments. 415
welcome[bot] Welcomes new users to a repository. 388
dependabot[bot] Detects and updates vulnerable dependencies. 388
codecov[bot] Provides coverage reports and helps with the code review workflow. 302

as still present, (ii) reaction to a bot thanking another bot for its
contribution, and (iii) reaction from a user to being welcomed by a
bot that the user himself created.

5 DISCUSSION
Overall, our results show that while a far smaller percentage of bot
comments receive reactions when compared to human comments,
the proportions of the types of reactions received are mostly similar
across both groups. One notable exception is the proportion of -1
reactions. The fact that bots receive more -1 reactions than humans
could be attributed to users being more willing to give negative
feedback to bots and to the fact that some bots perform tasks that
are regarded as friction points in the software development process
(e.g., closing an issue, requesting a review) [14]. For stale[bot],
for example, its role in closing issues results in it getting a dis-
proportionate share of -1 reactions. On the other hand, bots that
perform tasks that are regarded as positive, such as welcome[bot]
and allcontributors[bot], naturally get a higher proportion of
heart reactions than the average. Receiving an unusually high (or
low) proportion of a given type of reaction can also be due to the
design of the bot. A closer inspection of issue-label-bot[bot]’s
comments, for instance, shows that it explicitly asks for a -1 or +1
to refine the way it labels issues, as was noted by Liu et al. [15].

Focusing on results for the laugh reaction specifically, we ob-
serve that there are no significant differences between how this
reaction is used to react to human versus bot comments. Similarly,
none of the bots in our selection stood out in terms of the propor-
tion of laugh reactions received. Although the proportion of laugh
reactions to github-learning-lab[bot] was the highest across
the selection, our qualitative analysis showed that most of these
reactions were not due to any type of humor being evoked by the
bot. In fact, the laugh reaction seems to be used not only to express
laughter—or as a reaction to an interaction that could be considered
humorous—but also to show that a user is pleased. This could be
due to the choice of emoji used to represent the laugh reaction on
GitHub, which is described as Grinning Face with Smiling Eyes in
Unicode’s Common Locale Data Repository [28], and might not be
explicitly associated with humor. Indeed, Borges et al. describe the
laugh reaction as being used to express a “fun situation or [empha-
sis added] happiness” [4]. Nevertheless, our qualitative results also
show that the laugh reaction can be used to express humor. In these

cases, humor is usually not explicitly sought. Instead, it arises from
an incongruity, most commonly related to an unexpected report or
a bot trying to close an issue. These findings are once more aligned
with work by Borges et al., who also noted that laugh can be used
to “express sarcasm or irony in negative situations” [4]. In these
cases, the presence of the unanticipated laugh reaction could serve
as a signal that the bot’s behavior was not aligned with user expec-
tations. Bots could then follow issue-label-bot[bot]’s strategy
and refine their behavior accordingly, potentially even harnessing
the underlying humor to recover from such situations.

This study also has some limitations worth discussing. First, we
do not take into account bot users that are not labeled as bots. To
address this, we could incorporate methods proposed for identifying
bots into our data acquisition pipeline [6, 9]. Second, our dataset
consists only of comments made on issue threads, even though
bots also comment on pull requests [33]. Including those comments
would broaden the scope of our analysis. Third, some bots follow
predefined behaviors that bias the reactions they receive. These
behaviors should be taken into consideration to avoid arriving
at misleading conclusions. Finally, our qualitative analysis only
included a sample of 100 bot comments. Annotating a larger sample
would provide a more solid base for our findings.

6 CONCLUSION
In this paper, we presented results from an observational study
analyzing how users react to comments on GitHub. Our findings
suggest that while some reaction types are used differently when
reacting to human versus bot comments or across comments made
by different bots, this is not the case for the laugh reaction. Further-
more, while the laugh reaction is not exclusively used to express
humor, it can be used to express humor arising from an incongruity
when a bot behaves unexpectedly. These insights could inform the
design of bots that can take into account how users react to their
comments in order to align their behavior with user expectations.
While this study explicitly considered the laugh reaction, exten-
sions to other reactions can be envisioned. Our aim is to build on
this study to explore this line of research and address the aforemen-
tioned limitations in future work.
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