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Figure 1: Overview of the sentiment analysis pipeline
Abstract
When witnessing the abuse of others, humans generally exhibit
emotional responses. A large number of studies in Human-Robot-
Interaction (HRI) have shown that humans also react with sympa-
thy when robots are abused, but most of these insights come from
controlled laboratory studies using short videos and student sam-
ples. To complement existing research with observations drawn
from real-world online discussions, this paper presents a senti-
ment analysis of 103,413 YouTube comments on videos depicting
abuse of animal-like, humanoid, and cart-shaped robots. To vali-
date our sentiment classification, we analysed the comments using
a lexicon-based tool, two fine-tuned language models, and three
general-purpose state-of-the-art large language models (LLMs). The
comparison yielded interesting results: LLMs generally classified
science-fiction–related comments, e.g., references to dystopian TV
shows, as negative, while lexicon and fine-tuned models mainly
labelled them as neutral. The six models agreed on the classification
of a total of 27,427 comments, which we used to explore the sen-
timent expressions occurring across videos featuring robots with
different physical forms. Our findings provide large-scale, ecologi-
cally valid insights into how emotional responses to robot abuse
are expressed and analysed in online video platforms.
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1 Introduction
“No man is devoid of a heart sensitive to the suffering of others...”
This quote from Confucian philosopher Mencius poetically sum-
marises how witnessing someone being abused (nearly) always
evokes an emotional response in the observer, regardless of their
age, the context in which the violence occurs and whether the
victim is a human or an animal [20, 32, 44].

A large and growing body of studies in Human-Robot Inter-
action (HRI) suggests that observing the mistreatment of robots
elicits an emotional response in humans [2, 16, 41]. More specifi-
cally, research has shown that witnessing robot abuse can trigger
increased physiological arousal, negative affect, and expressions
of sympathy [41, 42]. Experiments have also shown that although
participants will comply with instructions to harm a robot, they will
often show visible discomfort while doing so, and this discomfort
tends to be stronger when the robot is perceived as more intelligent
and lifelike [2]. More recent work indicates that such reactions
are additionally shaped by social and demographic factors such as
the observer’s gender, prior experiences with abuse, and personal
biases [16]. Finally, various studies and sources suggest that the
physical appearance of a robot and its level of anthropomorphism
influence people’s emotional responses toward witnessing it being
abused [22, 30, 31, 39], with humanoid robots likely to evoke more
empathetic responses due to their human-like characteristics [39].
While remarkably insightful, most findings to date stem from con-
trolled laboratory settings with short videos and student samples,
leaving the field with a lack of studies on what emotional responses
to robot abuse occur outside controlled laboratory environments.
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In an effort towards bridging this gap, we present a descriptive
and exploratory approach that complements controlled studies for
investigating emotional responses to robot abuse, illustrated in
Figure 1. Our contributions are two-fold: (1) We conduct a large-
scale sentiment analysis of viewers’ comments on videos of robot
abuse publicly available on a popular video sharing platform. (2)
We evaluate three approaches to this sentiment analysis, leverag-
ing a lexicon-based tool, fine-tuned language models and general-
purpose state-of-the-art large language models (LLMs), and discuss
their effectiveness in capturing the nuances of human emotional
expression. Considering the exploratory nature of this work, the
analysis presented in this paper addresses the following research
question (RQ):

Which emotional responses are expressed in YouTube comments on
robot-abuse videos, and how do sentiment-analysis models map these
responses across animal-like, humanoid, and cart-shaped robots?

The remainder of this paper is structured as follows: In Section 2,
we review HRI research investigating empathetic responses to robot
abuse and briefly survey the academic discourse on the concept of
empathy and sympathy in the field of psychology, as well as recent
HRI work that uses online video platforms as a data source. In
Section 3, we outline the data collection and our proposed sentiment
analysis approach, which leverages both lexicon-based tools and
language models. We then present (Section 4) and discuss (Sections
5, 6) the results of the sentiment analysis in relation to our RQ,
along with the limitations of our work. Finally, the Conclusion
summarises our findings.

2 Related work
2.1 Emotional responses toward robots
Early research on people’s reaction to robot abuse mainly built on
results from the field of Human-Computer Interaction, and in par-
ticular the Media Equation theory [38], which suggests that humans
tend to respond to media and technology as if they were real social
actors, unconsciously applying social norms and expectations to
machines during interactions. Bartneck and Hu [2] tested the Media
Equation theory in morally questionable situations inspired by Mil-
gram’s obedience experiment, in which participants were asked to
administer electric shocks or “kill” a robot. The participants showed
less concern for harming the robot than a human, indicating limits
to the Media Equation in abuse contexts. Their findings also sug-
gest that the robot’s perceived intelligence influenced participants’
willingness to harm it.

To explore human emotional responses toward witnessing, rather
than directly inflicting, robot abuse, Rosenthal-von der Pütten et
al. [41] exposed participants to videos in which the dinosaur-like
robot Pleo was either treated gently or abused by a human actor.
Abuse elicited higher arousal and more negative affect, indicating
an empathetic response toward the robot. A follow-up study [42]
found similar responses to affectionate treatment of humans and
robots, but significantly stronger neural and emotional responses
when witnessing abuse directed at the human. Similarly, Matti-
assi et al. [30] investigated how affective empathy varies across
a spectrum of social actors (a human, a cat, an anthropomorphic
robot, an animal-like robot, a machine-like robot, a smartphone,
and a Rubik’s cube). Participants reported the highest empathy

for a cat, moderate empathy for humanoid and animal-like robots,
and little to none for machine-like robots and objects. A subse-
quent study [31] confirmed stronger negative affect and arousal
toward the cat, suggesting that perceived vulnerability drives em-
pathetic responses. Robots evoked moderate emotional responses,
with human-like and animal-like robots evoking greater empa-
thetic concern than machine-like robots. An earlier study by Riek
et al. [39], which examined how empathy toward robots changes
along the anthropomorphic spectrum, further corroborates the hy-
pothesis of a correlation between the human-likeness of a robot
and the strength of the empathetic response it evokes. Drawing
on Simulation Theory, they found that participants reported more
empathetic emotional responses to abuse of human-like robots and
less toward mechanical robots.

Expanding the focus of analysis beyond immediate emotional
reaction, Küster et al. [22] investigated how YouTube videos of robot
abuse influence people’s perceptions of robots’ minds, morality, and
fear of robots. They found that functional abilities may influence
mind perception more strongly than appearance: the animal-like
robot opening a door in the video was rated higher in experience,
agency, and consciousness than a humanoid robot. Appearance,
however, evoked greater emotional concern, with the humanoid
robot seen as more deserving of compassion despite being perceived
as less conscious. The study also highlights the power of online
media in shaping public opinions toward robots and provides a
basis for our work and methodology.

Except for Bartneck and Hu’s study [2], the previously men-
tioned studies relied on videos, often from YouTube, to examine
emotional responses to robot abuse. These studies typically com-
pare reactions to different agents or robot types and consistently
show that humanoid robots elicit stronger emotional responses than
less anthropomorphic ones. To complement these findings in an un-
controlled, real-world setting, we analyse online viewers’ reactions
to publicly available YouTube videos. Sample sizes in the works out-
lined above vary widely (from 14 [42] to 163 participants [30, 31]),
reflecting the constraints of controlled laboratory studies. By con-
trast, analysing YouTube comment sections allows us to observe
emotional reactions to robot abuse on a much larger scale, albeit at
the expense of participants’ information. Nevertheless, such nat-
urally occurring responses can offer valuable insights into how
people perceive robot abuse in everyday contexts and contribute to
understanding broader public attitudes toward robots [22].

2.2 Robots, empathy and sympathy
As the previous section shows, most HRI research on emotional
responses to robot abuse is framed around the concept of empathy.
However, Quick [37] recently raised concerns about the conceptual
clarity of empathy in HRI research, arguing that many HRI studies
rather investigate sympathy, thereby introducing ambiguity. As an
example, the author argues that the question “How sorry do you feel
for the protagonist?” used by Riek et al. [39] to measure people’s
empathy for the robot, actually captures a feeling of sympathy,
rather than empathy. To clarify the scope and foundations of this
work and support interdisciplinary research on the topic, we briefly
report the definitions of key concepts that we follow.
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As pointed out by Darwall [8], unlike words like compassion
and sympathy, empathy only entered the English language in 1909
when Titchener coined it to translate the German word Einfühlung
(“feeling-into”), in an attempt to distinguish it from the already exist-
ing term Mitgefühl (“feeling-with”), translated in English as sympa-
thy. Since then, numerous psychologists have investigated the vari-
ous words and underlying constructs, aiming at providing clear and
valid definitions and frameworks. Two schools of thought can be
found: one which identifies sympathy as part of empathy [3, 9, 10]
and another, more recent, which clearly distinguishes empathy and
sympathy as separate emotional processes [7, 14].

In a review on empathy research, Cuff et al. [7] explain that em-
pathy involves “feeling as” another person, while sympathy refers
to a more detached response, such as “feeling for” another per-
son, or another entity. They summarise empathy as an emotional
response “similar to one’s perception...and understanding...of the
stimulus emotion, with recognition that the source of the emo-
tion is not one’s own.” For sympathy, they draw on Eisenberg et
al. [13], who define it as “a vicarious emotional reaction based on
the apprehension of another’s emotional state or situation, which
involves feelings of sorrow or concern for the other.” In light of
these distinctions, Quick [37] questions the appropriateness of the
concept of empathy in HRI and rather calls for the use of sympathy.
Accordingly, this work focuses on and discusses the sympathetic
responses expressed by people commenting on YouTube videos
displaying robot abuse, since these reactions are less about sharing
the robots’ presumed emotions and more about expressing concern,
pity, or moral condemnation for their mistreatment.

2.3 Online video platforms as a data source
Recent HRI research has often turned to online video platforms
as data sources to investigate human-robot interactions. Since our
work similarly draws on YouTube data, we consider it important to
situate our approach within this growing body of HRI research.

Yu et al. [48] used 117 TikTok videos to examine real-world en-
counters with delivery robots, identifying public perceptions that
would be difficult to observe in controlled studies. Their analysis
of 2,067 comments revealed that viewers frequently anthropomor-
phised delivery robots, attributing thoughts, feelings, and social
roles to them, often describing them as cute or novel. Comments
were largely positive, with many expressing affection towards the
robots, interest in the technology, or even sympathy for robots
that appeared stuck or struggling. Strait et al. [45] analysed 1,200
YouTube comments across 24 videos of machine-like and highly
human-like robots, showing that online reactions closely mirror the
uncanny valley effect, as highly anthropomorphic robots elicited
significantly more discomfort for the viewers. Their analysis fur-
ther revealed that fears of replacement or a robot takeover were
not shaped by the robots’ appearance, and that female-gendered
robots were disproportionately sexualised in the comments. Hover
et al. [18] analysed 1,788 YouTube comments on videos of humanoid
and android robots to investigate public attitudes towards differ-
ent levels of human-likeness and gender. They found that highly
human-like robots evoked more negative reactions, were more fre-
quently described as uncanny, and that female-gendered robots

were sexualised significantly more often than male robots. These
too are reactions that are difficult to capture in controlled studies.

Beyond analysing viewer responses, prior work has also used
user-generated videos as a data source. Nielsen et al. [35] conducted
a digital ethnographic study of 104 YouTube videos showing un-
guided, in-the-wild interactions with service robots in public spaces.
They found that users frequently struggled due to touchscreen or
voice input issues, navigation errors or unexpected stops, and inter-
ruptions from bystanders. Their findings illustrate the inherently
messy and dynamic nature of real-world HRI and highlight the
value of online videos for capturing naturally occurring behaviours
that are difficult to reproduce in controlled laboratory settings.

Together, these studies show that YouTube and similar online
video platforms offer complementary insights to controlled studies,
capturing public perceptions of robots as well as spontaneous reac-
tions and interaction patterns. However, using online video data
also comes with important limitations, including the skewed de-
mographics of platform users, the performative nature of recorded
content and commentary, and the biases involved in selecting videos
for analysis. These and further limitations are discussed in Section 6.

3 Methodology
3.1 Data collection
YouTube, the world’s largest video-sharing platform and second-
largest social media platform1, was used as the primary platform for
the collection of robot abuse videos for our analysis. The following
inclusion/exclusion criteria were considered:

• Included videos should attract a large audience engagement
(e.g., typically exceeding one million views) to ensure a suf-
ficient number of comments for the analysis.

• The physical, verbal, or sexual abuse of real robots by real
humans should be clearly visible in each included video.

• Videos showing scenes taken from other (included) videos
and videos which contain AI-generated content instead of
real robots and humans are excluded.

• Videos featuring clips from other media, e.g. scenes from the
movie Terminator , are excluded.

• Videos that include background music which can potentially
manipulate the viewers’ emotional state, e.g., music with sug-
gestive lyrics such as “Tubthumping (I get knocked down)”
by Chumbawamba, are excluded.

• In contrast, original audio elements such as humans ver-
bally abusing the robot were retained, since they are part
of the actual abusive context. Other incidental background
sounds (e.g., news reports commentary) were not regarded
as a possible exclusion criterium.

A total of 13 videos, collected on three separate occasions in
May 2025, were selected for the sentiment analysis based on their
relevance to robot abuse scenarios and the above criteria:

• The queries “robot abuse” and “robot mistreated”, along with
the YouTube recommended videos section were first used to
gather data. This resulted in the identification of two rele-
vant videos: “Testing Robustness” [12] published by Boston

1https://thedailyjuice.net/the-largest-video-sharing-platforms-in-2025-ranked/
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Dynamics and “Robot Tries to Escape from Children’s At-
tack” [43] published by IEEE Spectrum.

• Additional searches for “robot harassed” and “robot bullied”
yielded four more relevant videos: “PUNKING MARCUS:
Bullying Food Delivery Robots is Actually Good” [26] by Film
The Robots LA, “This robot getting bullied by stranger” [40]
by ripL, “Kai Cenat & Fanum Bully $70,000 Robot!” [5] by
Successful Celebrity and “Atlas, The Next Generation” [11]
again by Boston Dynamics. A further search with the term
“robot kicked” yielded two more relevant videos: “Robot dog
keeps its balance in extreme training” [36] by Tech Pandaren
and “Watch robot dog ‘Spot’ run, walk...and get kicked” [34]
by On Demand News.

• Five additional videos were identified by specifically brows-
ing the YouTube channel “Film The Robots LA”, which exclu-
sively features videos of robots being abused: “ROBOT VIO-
LATED: Austin the Food Delivery Robot Treated Poorly” [27],
“DELIVERY ROBOT LOOTED: Austin Got Robbed” [23],
“MESSY ROBOT: Haiden the Food Delivery Robot Has All
Types of Things Going On” [24], “OTTO’s ESCAPE: Food
Delivery Robot Flees From Kids” [25] and “Saving Austin
the Food Delivery Robot From Himself” [28].

Table 1 summarises the characteristics of the videos included
in our analysis. The videos cover a range of robot types: animal-
like [12, 34, 36], humanoid [5, 11, 43], delivery [23–28], and non-
humanoid bipedal [40] robots, as shown in Figure 2. The videos
were uploaded by different publishers, including a robotics manu-
facturing company (Boston Dynamics), a tech organisation (IEEE
Spectrum), news and tech content channels, a fan channel featuring
various internet personalities, and private individuals. Abuse was
mainly either physical (e.g., kicking, pushing, hindering the robot
in task execution), or verbal (mocking, insulting), and in some cases
a combination of both. One video [27] depicted a partially clothed
individual straddling the robot, which we classified as sexual abuse.
The context of the videos varied considerably. Some were created
explicitly for the purpose of recording an episode of robot bullying,
e.g., videos made by an individual following and filming delivery
robots while verbally abusing them [23–26]. One video [5] featured
an internet personality and other individuals deliberately kick-
ing and mocking a humanoid robot. Other videos [11, 12, 34, 36],
depicted “abuse” in the context of demonstrations intended to show-
case the robot’s capabilities. For example, the Atlas video [11] did
not only show the robot being pushed with a hockey stick, but also
included scenes of non-abusive tasks.

To extract the comments from the videos we used the youtube-
comment-downloader2. Grouping videos according to the type of
robot they feature, we obtained 17,394 comments for videos show-
ing animal-like robots, 27,193 for delivery robots, 58,826 for hu-
manoid robots, and 169 for non-humanoid bipedal robots, resulting
in a total of 103,582 comments. Due to the disproportionately small
number of comments (n = 169), the non-humanoid bipedal robot
group was excluded from the sentiment analysis. As a result, only
the animal-like, delivery, and humanoid robot categories were in-
cluded in the sentiment analysis, amounting to 103,413 comments.

2https://github.com/egbertbouman/youtube-comment-downloader

Figure 2: Images of the different robot types in the collected
videos: (1, 3) delivery [23, 27], (2) humanoid [11], (4) non-humanoid
bipedal [40], (5, 6) animal-like [12, 36].

3.2 Sentiment analysis
3.2.1 Model selection. To verify inter-model agreement and ensure
a more robust analysis, we rely on 6 models for sentiment analy-
sis. The first selected model is VADER, a lexicon-based sentiment
analysis tool specifically optimised for short, informal social media
texts that can handle emojis and slang in online discourse [19]. The
second and third model are Twitter-roBERTa-base-sentiment and
Twitter-roBERTa-base-sentiment-latest, which are roBERTa-base
transformer models for sentiment analysis specifically fine-tuned
on Twitter content, trained on 58 million and 124 million tweets,
respectively [1]. We argue that the short-text style of YouTube com-
ments likely shares similar characteristics to tweets (i.e., posts on
X, formerly Twitter).

To complement the above solutions, which were specifically de-
signed or fine-tuned for sentiment analysis, we also considered
three LLMs, namely Gemma 3 4B, Mistral 7B, and Llama 3.1 8B.
Gemma 3 4B, developed by Google DeepMind (England), supports
multilingual understanding and long-context reasoning [47], and
can be run efficiently on local hardware thanks to its limited size.
Mistral 7B [21], developed by Mistral AI (France), is a mid-sized,
open-source solution that surpasses larger models such as Llama
2 13B on a wide range of benchmarks, including reasoning, while
remaining computationally affordable [21]. Finally, Llama 3.1 8B,
developed by Meta AI (USA), is a larger open-source model with
multilingual understanding [17]. All three LLMs include sentiment
analysis among their possible use cases and support multilingual un-
derstanding. We argue that the frequent presence of sci-fi and other
cultural references in the comments on the selected videos calls
for sentiment analysis tools that can leverage significant general-
purpose knowledge. The chosen LLMs might thus enable a more
accurate assessment of the comments and their emotional content.

3.2.2 Human annotators baseline. To preliminarily validate the
classification performance of the 6 considered models, establish a
reference for inter-model agreement and collect examples for the
few-shot prompting of the LLMs, two human annotators indepen-
dently and intuitively labelled a subset of 900 comments drawn from
the most-liked comments of the collected videos: three humanoid
robot videos [5, 11, 43] (100 comments each), three animal-like
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Table 1: Metadata and descriptive statistics of videos
Video Publisher Robot Type Setting Abuse Type Abuser Length Views Comments Upload Date
[12] Robotics company Animal-like Lab Physical Adult (individual) 01:03 34,215,515 16,018 20.02.2018
[43] Tech organisation Humanoid Urban Physical Children (group) 02:04 608,736 703 06.06.2017
[26] Private person Delivery Street, sidewalk Verbal Adult (individual) 00:10 60,262 102 25.08.2023
[40] Private person Bipedal Exhibition hall Physical Adults (individual turns) 00:40 155,326 169 07.07.2024
[5] Fan/clip channel Humanoid Private home Physical, verbal Adults (group) 00:15 18,485,213 11,029 29.01.2025
[11] Robotics company Humanoid Lab Physical Adult (individual) 02:41 40,738,208 47,104 24.02.2016
[36] Tech content channel Animal-like Outdoor Physical Adult (individual) 00:19 643,759 1,071 20.06.2024
[34] News channel Animal-like Outdoor, indoor Physical Adult (individual) 01:11 485,449 305 11.02.2015
[27] Private person Delivery Street, sidewalk Sexual (molesting) Adult (individual) 00:13 1,637,330 6,331 07.07.2023
[23] Private person Delivery Street, sidewalk Verbal, physical Adult (individual) 00:59 10,503,655 16,112 03.07.2023
[24] Private person Delivery Street, sidewalk Verbal Adult (individual) 00:36 1,021,208 699 04.07.2023
[25] Private person Delivery Street, sidewalk Verbal Adult (individual) 00:29 1,560,870 1,204 28.06.2023
[28] Private person Delivery Street, sidewalk Verbal Adult (individual) 00:59 3,213,217 2,745 25.06.2023

robot videos [12, 34, 36] (100 comments each), and six delivery
robot videos [23–28] (50 comments each). This produced a bal-
anced dataset including 300 comments per robot type category.
The annotators achieved a global inter-rater agreement of 75.78%.
Considering the robot type categories, agreement was highest for
humanoid robots (81.67%), followed by animal-like robots (75.33%)
and delivery robots (68.00%). Details on the annotators’ labels can
be found in the Supplementary Material, Figure 5. The two annota-
tors were both female, of similar age (32–33 years), and had similar
educational backgrounds in higher education, with one at the Mas-
ter’s level and the other at the Postdoctoral level. Discrepancies in
their labelling highlight the subtle and nuanced nature of sentiment
analysis and further support our decision to use only data where
multiple models provided the same label.
3.2.3 LLM prompting. Following manual labelling, we defined the
sentiment annotation guidelines, which were integrated into the
LLM prompt, shown in Appendix B in the Supplementary Mate-
rial. Recurring phrases such as robots “remembering the abuse”
and “getting their revenge” reflect common dystopian sci-fi tropes,
which shape public fear of robots [4, 29, 33]. Given their context,
such responses were therefore labelled as negative sentiment. Nega-
tive sentiment also included expressions of sympathy, pity, sadness,
discomfort, moral condemnation, or anger at the mistreatment.
Positive labels were assigned to comments expressing enjoyment,
praise, amusement, or humour directed at the ab use. Neutral senti-
ment included comments with descriptive observations, remarks
without emotional tone, or discussions unrelated to the content of
the video.

3.3 N-gram analysis of sentiment
To better understand what constitutes positive, neutral, and neg-
ative sentiment in this context, we conducted an n-gram analysis
(considering 1-word, 2-words and 3-words) for each robot type,
using the natural language processing toolkit NLTK3. The n-gram
analysis identifies commonly used phrases and counts their occur-
rence across sentiment labels. Its results are further discussed in
Section 5. Detailed results are provided in Tables 5, 6, and 7 in the
Supplementary Material. As viewers often express their opinions
by liking existing comments rather than posting their own, we
also provide an overview with the top five most-liked comments
grouped by robot type in Table 8 in the Supplementary Material.

3https://www.nltk.org/

4 Results
4.1 Classification performance on annotated

dataset
When evaluated against the subset of manual annotations where
both annotators agreed on the same sentiment label (N = 682),
LLMs outperformed VADER and Twitter-roBERTa models by a large
margin, as shown in Table 2. Gemma 3 4B achieved the highest
F1-score (0.80), followed by Llama 3.1 8B (0.77) and Mistral 7B (0.75).
In comparison, VADER and Twitter-roBERTa were below 0.62 in
F1. These findings indicate that the chosen LLMs enable a more
accurate assessment of the comments and their emotional content
compared to VADER and Twitter-roBERTa models.

Table 2: Performance of sentiment analysis models on the subset of
manually labelled aligned annotations (N = 682)

Model Accuracy Precision Recall F1

VADER 0.625 0.588 0.682 0.589
roBERTa 0.696 0.661 0.633 0.618
roBERTa-latest 0.716 0.651 0.629 0.620
Gemma 3 4B 0.846 0.786 0.815 0.797
Llama 3.1 8B 0.839 0.802 0.744 0.767
Mistral 7B 0.821 0.759 0.754 0.754

4.2 Agreement between models
Figure 3 reports the sentiment label distribution of the six consid-
ered models over the 103,413 comments considered in our analysis.

4.2.1 Agreement between VADER and Twitter-roBERTa models. VA-
DER and Twitter-roBERTa-base-sentiment agree on 63,531 com-
ments (61.45%), while agreement between VADER and Twitter-
roBERTa-base-sentiment-latest is slightly lower at 62,193 comments
(60.15%). As expected, the two Twitter-roBERTa models show high
consistency, assigning identical labels to 89,523 comments (86.59%).
All three models agree on 57,766 comments (55.86%), including
10,523 related to animal-like robots, 13,305 to delivery robots, and
33,938 to humanoid robots. As illustrated in Figure 3, VADER as-
signs positive, neutral, and negative labels in roughly equal propor-
tions, whereas the Twitter-roBERTa models predominantly classify
comments as neutral or negative.
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Figure 3: Sentiment label distribution across models for all comments (N = 103,413)

4.2.2 Agreement within large language models (LLMs). Gemma 3
4B and Llama 3.1 8B show the highest agreement (78.59%, 81,263
comments), followed by Llama 3.1 8B and Mistral 7B (76.04%, 78,632
comments) and Gemma 3 4B and Mistral 7B (73.07%, 75,584 com-
ments). All three models agree on 67,164 comments (64.93%), in-
cluding 11,634 animal-like robot, 16,499 delivery robot, and 39,031
humanoid robot comments, reflecting a distribution comparable
to that of the other three models. As shown in Figure 3, all three
LLMs predominantly assign negative sentiment. Notably, Gemma
3 4B classifies a higher proportion of comments as positive (17.2%)
than Llama 3.1 8B and Mistral 7B (9.9% each).

4.2.3 Agreement across all six models. All six models agree on a
total of 27,427 comments (26.52%), including 4,725 comments for
animal-like, 6,389 for delivery, and 16,313 for humanoid robots.

4.3 Sentiment and robot type
To determine whether the distribution of sentiment differs across
the three different robot types, we conducted a Chi-Square 𝜒2 test
of independence on contingency tables reporting the counts of
negative, positive, and neutral comments for each of the three robot
categories (delivery, animal-like, humanoid). Three contingency
tables were designed and tested:

• (1) considering the 57,766 labels on which VADER and the
two Twitter-roBERTa models agree (see Section 4.2.1);

• (2) considering the 67,164 comments and labels on which
the three LLMs agree (see Section 4.2.2);

• (3) considering the 27,427 comments and labels on which all
six models agree (see Section 4.2.3).

As discussed above, the three subsets are similarly spread over the
robot categories, with an equal number of comments for delivery
and animal-like robots, and a number of comments for humanoid
robots which is approx. 2.5 times larger than the other categories.

Table 3 presents the results of the three Chi-square 𝜒2 tests: All
tests indicate a statistically significant association (p-value < 0.05)
between robot type and sentiment distribution. However, effect
size estimates suggest that the strength of these associations is
negligible to small in all cases (Cramér’s V < 0.1). The six-models
set yielded the weakest association (V = 0.032), the LLM-only anal-
ysis produced a slightly stronger association (V = 0.061), and the
VADER + Twitter-roBERTa analysis showed the largest, though still
small, effect (V = 0.085). Taken together, these results suggest that
although minor distributional differences between robot types were
detectable thanks to the large sample sizes, the practical impact of
robot type on emotional responses was minimal. The corresponding

Figure 4: Sentiment distribution across robot type categories

contingency tables can be found in Table 4 in the Supplementary
Materials.

Table 3: The Chi-square test results for all three approaches
Analysis method 𝜒2 (df=4) p-value Cramér’s V
(1) VADER + roBERTa 842.49 < .001 0.085
(2) LLM-only 507.26 < .001 0.061
(3) All 6 models 57.46 < .001 0.032

5 Sentiment analysis of comments on robot
abuse

As Figure 4 shows, sentiment towards robot abuse videos is pre-
dominantly negative regardless of robot type, and the Chi-square
test (see Section 4.3) likewise shows no evidence that the robot type
influences the sentiment expressed in the comments. These findings
suggest that the robot’s physical form does not play a strong role
in influencing sympathetic responses to YouTube videos.

Considering the subset of 57,766 aligned labels between VADER
and the two Twitter-roBERTa models (see Figure 4 – left), humanoid
robot abuse videos elicited a predominantly negative emotional
response, although neutral sentiment was nearly as frequent. For
animal-like robots, neutral sentiment even slightly exceeded neg-
ative sentiment. Notably, only delivery robots showed a clearly
higher proportion of negative sentiment compared to neutral or
positive sentiment. The n-gram analysis reveals several recurring
phrases across robot categories. Explicit expressions of sympathy
are common in negative comments, including phrases such as “stop
robot abuse” (30 instances for animal-like robots, 52 for humanoids)
and “poor robot” (93 instances for animal-like, 379 for humanoid,
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and 88 for delivery robots). Beyond sympathetic responses, many
comments reference pop culture and media. The most frequent
phrase within positive sentiment was the Simpsons quote “I, for
one, welcome our new overlords”, appearing 12 times for animal-
like robots and 68 times for humanoids. Neutral comments often
referenced dystopian sci-fi media, such as Skynet from Terminator
(365 instances in the humanoid group) and the show Black Mirror
(138 instances for animal-like robots). The phrase “robot lives mat-
ter” appeared 15 times for delivery robots, 35 for humanoids, and
15 for animal-like robots within neutral sentiment.

In the sentiment analysis of the 67,164 comments on which all
three LLMs agree, strong negative sentiment was observed across
all robot categories (see Figure 4 – centre). This is likely a direct
result of the prompt engineering strategy (see Section 3.2.3), which
defines expressions of sympathy and sci-fi references as negative,
as also reflected in the n-gram analysis. For example, “stop ro-
bot abuse” occurred 38 times for animal-like robots and 56 times
for humanoids. Other recurring terms within negative sentiment
included Black Mirror (218 instances for animal-like robots) and
“robot lives matter” (26 instances for animal-like, 63 for humanoid,
and 35 for delivery robots). By contrast, VADER and the Twitter-
roBERTa models classified these references as neutral, highlighting
a key difference in labeling strategies and the importance of general
knowledge for sentiment analysis of context-dependent text such
as YouTube comments.

Finally, the analysis of the 27,427 comments on which all models
agree (see Figure 4 – right) shows a clear predominance of neg-
ative sentiment across all robot types, with neutral and positive
labels occurring far less frequently. The n-gram analysis indicates
that negative sentiment is dominated by sympathetic expressions
such as “feel bad robot” (59 instances for animal-like robots, 289
for humanoids, 21 for delivery robots), “stop bullying” (191 for
humanoids, 50 for animal-like robots), and “poor Austin” (224 in-
stances for delivery robots, referring to the robot named Austin
in videos [23], [27], [28]). As this subset includes only comments
with full model agreement, no science-fiction references appeared
within negative sentiment. Interestingly, the term “metalhead” oc-
curred three times within neutral sentiment for animal-like robots,
referring to the Black Mirror episode Metalhead, which features
an animal-like robot in a dystopian setting [33]. This was likely
labelled as neutral due to limited contextual understanding, again
underscoring the importance of general knowledge in sentiment
interpretation. For full n-gram details, see Tables 5, 6, and 7 in the
Supplementary Materials.

Given social media platforms’ predominance as a medium for
individuals to express their views and engage with others, analysing
and understanding the discourse occurring around robot abuse
therein provides an important perspective on how people perceive
robots, that naturally complements, and could even inform, lab
studies. It is noteworthy that the majority of the analysed comments
contain expressions of concern for the robots’ well-being. In a time
characterised by widespread social fears and negative opinions
about robots and the influence of AI [29], our findings suggest that
public attitudes toward robots are remarkably nuanced.

6 Discussion and limitations
6.1 Data collection
6.1.1 Videos and robot visibility. Our data collection focused on
YouTube videos depicting robot abuse and included robots with dif-
ferent physical forms, namely delivery, humanoid, and animal-like
robots. Notably, the dataset did not contain highly anthropomor-
phic social robots, despite our search strategy (see Section 3) not
explicitly excluding them. Instead, we relied on general search
terms related to robot abuse, allowing robot types to emerge or-
ganically from the platform. The absence of videos showing abuse
of highly anthropomorphic social robots (e.g., Ameca or Sophia)
suggests that such robots may be less frequently abused in publicly
shared online videos, an observation we consider noteworthy. One
possible explanation is that these robots are expensive and typi-
cally deployed in controlled or institutional settings, reducing their
exposure in everyday public or private environments. Similarly, we
did not encounter videos depicting abuse of commonly used social
robots such as NAO or Pepper. While this does not imply that these
robots are never abused, it reflects the lower likelihood of surfacing
videos of social robot abuse through general robot abuse-related
queries and calls for dedicated studies. Consequently, online video
datasets may over-represent abuse of publicly accessible, non-social
robots while under-representing abuse of highly anthropomorphic
social robots. The robot types included in our dataset are therefore
influenced by YouTube’s search and recommendation mechanisms.

Finally, despite a systematic search strategy, our dataset remains
limited to 13 videos, which represents a relatively small sample.

6.1.2 Video content. Understanding emotional responses to real-
world robot abuse in online videos offers insight into societal ac-
ceptance of robots. However, the content and framing of these
videos may influence the results, as we could not control for their
purpose or context. The analysed videos varied widely in intent
and setting, ranging from public encounters in which individu-
als deliberately followed and verbally harassed delivery robots,
to private-home videos of internet personalities kicking or mock-
ing humanoid robots. Other videos showed abusive actions within
demonstrations intended to showcase robot capabilities, such as the
Atlas video [11], which combined scenes of physical “abuse” with
non-abusive task execution. These contextual differences likely
shaped viewers’ interpretations and emotional responses. Abuse
framed as public bullying may be perceived as morally troubling,
whereas similar actions in demonstration settings may be seen as
necessary testing. Thus, even when comment patterns appear simi-
lar, the underlying context and intent of the behaviour may elicit
different emotional reactions.

6.1.3 Viewer comments. Beyond the video content itself, our anal-
ysis relies on viewer comments as proxies for emotional responses,
raising ethical and methodological concerns common to YouTube-
based research. YouTube users are not demographically representa-
tive of the general population, with a stronger presence of younger
users and engagement shaped by cultural, geographic, and socio-
economic factors [15, 46]. The lack of socio-demographic metadata
further limits our ability to assess how such factors influence ex-
pressed sentiment. Commenting behaviour on YouTube is addition-
ally shaped by platform-specific social norms. Early dominant tones
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can influence later comments through social conformity [6], and
sarcasm, irony, or performative expression may amplify or distort
sentiment. As a result, the sentiment observed may partly reflect
surrounding discourse rather than the video content alone.

Our analysis also captures reactions from viewers who are de-
tached from the in-situ interaction with the robot. However, this
limitation is shared with prior video-based studies discussed in
Section 2, where participants responded to mediated rather than
first-hand experiences. We therefore do not consider this detach-
ment a limitation unique to our study design.

Finally, our dataset is imbalanced toward humanoid robots, which
received approximately 2.5 times more comments than animal-like
or delivery robots. This disparity in the volume of comments, while
deserving of further analyses, may have introduced additional bias
into the sentiment analysis.

6.2 Sentiment analysis
Our sentiment analysis approach involved a deliberate trade-off
between robustness and representativeness. To make the sentiment
labels as reliable as possible, we prioritised comments for which
multiple models agreed on the same label, resulting in a smaller
but more consistent dataset. This decision significantly reduced
the size of the analysed corpus and likely led to the exclusion
of comments expressing more nuanced and context-dependent
sentiment. However, we favoured higher confidence in sentiment
labels over having sentiment labels with uncertain reliability.

Human annotators were introduced as a reference point to cali-
brate model prompting and to assess inter-model consistency on a
subset (N = 900) of the data. Inconsistently labelled comments in
this subset frequently contained sarcasm, pop-culture references,
emojis, or complex affective expressions (e.g., “I’m dying”), which
proved challenging for both the models and human annotators to
classify consistently. As a result, our data-cleaning procedure likely
resulted in an under-representation of such nuanced emotional
responses, which we explicitly acknowledge as a major limitation
of our approach.

We adopted a three-category sentiment labelling approach (pos-
itive, neutral, negative), a common practice in sentiment analysis,
which allowed us to leverage established models designed specif-
ically for this purpose (e.g., VADER). However, this limited our
ability to capture more context-dependent pop-culture-related emo-
tional responses. To address this limitation, we compared traditional
sentiment models with state-of-the-art LLMs that we explicitly
prompted to account for contextual nuance while still producing
three-category sentiment labels. This comparison reduced certain
misclassifications, but the fundamental constraints of our approach
still remain.

These limitations highlight the inherent challenges of applying
sentiment analysis to complex emotional responses. Nevertheless,
we argue that the current study retains strong intrinsic value, as
it lays the groundwork for future research. Building on the study
presented in this paper, in our future work, we intend to move
beyond three-class sentiment labels in favour of more nuanced
representations of emotional responses.

6.3 Discussion of results
In relation to prior work, our findings highlight the importance of
considering delivery robots as enablers of a form of HRI that already
unfolds in real-world public spaces. As such, emotional responses
to their abuse offer valuable insights into societal acceptance of
robots. Notably, even minimally anthropomorphic, cart-shaped
delivery robots – featuring only subtle cues such as LED eyes or
human names (e.g., Austin, Marcus, Haiden) – elicited sympathetic
responses, suggesting that even limited anthropomorphic features
can evoke strong emotional reactions.

Previous studies [30, 31] also relied on YouTube videos – specifi-
cally videos such as those featuring Atlas and Spot [11, 12] – but
analysed only short excerpts showing robot abuse within broader
demonstrations of robot capabilities. In contrast, our analysis in-
cludes the same videos in their original length and context. Despite
the abuse being performed by the robot creators and framed as
part of technical demonstrations, viewer comments (see Table 8
in the Supplementary Material) overwhelmingly focused on the
brief abusive moments. This suggests that abusive scenes leave a
stronger impression on viewers than surrounding non-abusive con-
tent, underscoring the need for further research on how contextual
framing shapes perceptions of robot abuse.

7 Conclusion
In this paper, we analysed the sentiment of 103,413 YouTube com-
ments on 13 robot abuse videos using six models: VADER, Twitter-
roBERTa-base-sentiment, Twitter-roBERTa-base-sentiment-latest,
and the LLMs Gemma 3 4B, Mistral 7B, and Llama 3.1 8B. The
models showed notable discrepancies in sentiment annotation, un-
derscoring the importance of general knowledge (e.g., references to
sci-fi films or popular TV shows) in sentiment analysis of social me-
dia content while also highlighting the promise of general-purpose
LLMs with few-shot prompting for this task.

The goal of our analysis was to capture emotional responses
expressed in YouTube comments on robot abuse videos and to
examine how these responses are distributed across sentiment cat-
egories and robot physical forms. The results show that viewers
predominantly express negative emotional responses across all ro-
bot types, largely independent of physical appearance, and point to
new opportunities for studying robot abuse in real-world contexts.
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