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Abstract

Technologies designed to support solo eaters by providing them
company are an emerging design space at the intersection of Al, af-
fective computing, and everyday dining rituals. This study explores
public reactions to such novel systems by analyzing Instagram
comments on a viral post depicting a man dining with a virtual
reality partner. Using a mixed-methods approach, we first applied
automated sentiment tools—including TextBlob, VADER, NRCLex,
and BERT—to quantify surface-level sentiment. However, these
analyses failed to capture the layered, performative, and culturally
nuanced nature of user responses. To address this, we conducted
manual thematic coding of 719 comments, revealing a wide spec-
trum of emotional tones—from sarcasm and judgment to empathy,
curiosity, and self-reflection. Our findings demonstrate that many
seemingly “positive” comments were in fact mocking or ambivalent,
and that public discourse about emerging technologies like virtual
companionship is deeply shaped by generational expression, meme
culture, and shifting social norms. Thus, social media can be a valu-
able source of opinions and preferences regarding novel interactive
technologies—even speculative prototypes—but the collected data
needs to be analyzed on multiple levels.

CCS Concepts

« Human-centered computing — Human computer interac-
tion (HCI); - Computing methodologies — Natural language
processing.
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1 Introduction

The rapid advancement of artificial intelligence (AI) and immersive
technologies—including Virtual Reality (VR), Augmented Reality
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(AR), and Mixed Reality (MR)—has enabled the development of vir-
tual characters designed to simulate human interactions in increas-
ingly sophisticated ways. These systems are now being explored for
their potential to support emotional well-being, reduce loneliness,
and enhance everyday experiences, social skills, productivity, and
entertainment [11, 29, 38, 40]. Designers and researchers alike of-
ten frame these technologies with optimistic expectations—hoping
they will offer comfort, emotional support, or social scaffolding in
contexts where human interaction is limited.

In particular, the PRIN 2022 Project, COmputational Models of
COmmensality for artificial Agents (COCOA)!, responds to this
challenge by investigating different interactive technologies that
support the commensality experience. The project activities range
from defining theoretical models to real-time interactive systems
that simulate or scaffold commensal experience. One specific ap-
plication area is that of Artificial Commensal Companions (ACCs)
[37], which are designed to provide social presence during meals.
These may take the form of virtual characters [31], or physically
embodied robots [17]. Prior studies have investigated public expec-
tations around such systems, often revealing ambivalent attitudes:
while users may express skepticism in theoretical scenarios [21],
their in-situ responses can be more open, or even enthusiastic [16].
Understanding these responses is crucial—not only to refine the de-
sign of companion systems, but also to anticipate the sociocultural
dynamics that shape their adoption.

In this study, we explore public reactions to such a novel system
by analyzing Instagram comments on a post depicting a man din-
ing with a virtual reality partner. This methodological choice has
at least two advantages: first, exploring social media allows us to
collect a relatively large number of spontaneous reactions towards
technology that might not even be realized (e.g., so-called specula-
tive prototypes), providing important insights for the subsequent
development phase. It is in line with previous studies that exploit
social media—often on a larger scale—to analyze attitudes towards
emergent technologies such as delivery robots [27], VR systems in
healthcare [25] or generative Al [42]. Second, while it is hard to
argue that social media users are the perfect representation of the
entire population, they represent a more diverse group than the
student population typically used in many studies. Our expectation
is that it allows us to learn the perspectives of a broader group,
and is appropriate for an exploratory study such as this. Further-
more, social media platforms such as Instagram are expected to
contain comments that are more spontaneous, authentic and less
constrained by social regulations [26].

The specific Instagram post used in this study presented a par-
ticularly rich opportunity for public perception analysis because
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of its context: solo dining with a virtual partner. Eating alone is
often associated with stigma, isolation, or perceived lack of social
support [5], and the act of publicly dining with a virtual companion
directly challenges existing social norms around commensality—the
shared practice of eating together [20, 45]. Prior work on ACCs has
explored their potential to reduce loneliness and support emotional
well-being during meals [32], making this post a compelling and
ecologically valid case study.

We began our analyses by applying a suite of automated tools
for sentiment and emotion detection, including VADER, TextBlob,
NRCLex, and BERT-based transformer models, along with part-of-
speech tagging (SpaCy), emoji/GIF frequency analysis, and lexical
emotion detection. Initial outputs suggested a broadly neutral-to-
positive reception. However, based on prior research [1, 4, 12],
we anticipated that these tools might misclassify culturally coded
or emoji-heavy commentary—particularly on platforms like In-
stagram, where communication is often performative, ironic, and
stylized. To address this, we applied both automated and manual
methods in parallel, using qualitative coding to interpret the kinds
of rhetorical nuance that surface-level tools frequently miss. This
mixed-methods approach reflects a broader challenge in HCI and
social computing: understanding how people react to emerging
technologies often requires culturally fluent, interpretive analysis,
especially in domains involving identity, intimacy, and ritual—such
as eating.

In more detail, we manually coded all comments using a 25-
category scheme developed inductively through thematic analysis.
This process revealed a spectrum of reactions—ranging from confu-
sion, disgust, and judgment to admiration, curiosity, and relational
self-reflection. Many users used humor, performance, and irony
not to obscure their feelings, but to frame them socially. The most
common themes were not celebration or support, but disapproval
in its many forms—especially mocking and judgmental commen-
tary. As will be discussed in more detail later, the large majority of
this derision is aimed specifically at the user, and not at the new
technology itself.

The rest of the paper is structured as follows. We begin by re-
viewing prior work on sentiment analysis, qualitative methods in
social media research, and cultural/platform-specific interpretation.
We then describe the dataset, outline our mixed-methods procedure,
and present results from both automated and manual analyses. Fi-
nally, we discuss the social implications of our findings, limitations
of the current approach, and design recommendations for those
developing or studying ACCs.

2 Related Work
2.1 Sentiment Analysis and Emotion Detection

Automated sentiment analysis has become a foundational method
in social media research, human-computer interaction, and market-
ing. Models like VADER [22], TextBlob [30], and NRCLex [35] are
frequently used to evaluate public attitudes, emotional responses,
and social trends at scale. Studies have applied these tools to an-
alyze sentiment in product reviews [36], political discourse [46],
chatbot interactions [28], and platform-specific phenomena like
TikTok reactions [23].
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In the context of Human-Computer Interaction (HCI) and emerg-
ing technologies, sentiment models are often used as proxies for
user acceptance or cultural legitimacy. These tools offer speed and
scalability, but their interpretive power is limited—especially in
informal, emoji-rich, or sarcastic discourse [1, 19]. Studies have
shown that models tend to overclassify laughter or emoji-heavy
comments as positive, even when they convey critique, mockery,
or irony [10, 39], even when leveraging feature-engineering tech-
niques tailored for sarcasm detection on platforms like Twitter
[9]. While efforts have been made to improve sarcasm detection
[14, 24], most systems still struggle with short, highly contextual,
or culturally-coded inputs.

Social media sentiment analysis must grapple with linguistic
nuances such as sarcasm, memes, and emoji usage. Content that
is sarcastic or ironic can invert the expressed sentiment, posing
challenges for traditional sentiment classifiers. Recent research em-
phasizes that sarcasm — a “significant aspect of human sentiment” -
is often overlooked in sentiment analysis pipelines [13]. Users often
express sentiment via culturally coded humor rather than literal
statements. These findings suggest that sentiment analysis of public
opinion must go beyond literal text, accounting for contextual and
performative aspects of social media expression. Advanced multi-
modal sentiment analysis techniques are beginning to do so — for
instance by combining vision and NLP to interpret meme content
[8, 43] - but this remains an open research frontier.

2.2 Qualitative and Mixed-Methods Approaches
to Attitudinal Research

Studying public perceptions of emerging technologies benefits from
mixed-methods approaches that combine large-scale data analy-
sis with in-depth qualitative insights. One common strategy is to
analyze social media discourse as a window into public opinion,
then complement those findings with interviews or surveys. For
example, Lee and Toombs mined Twitter and Instagram posts from
a university campus to understand students’ reactions to delivery
robots operating on campus pathways [27]. By qualitatively coding
the content of these posts (e.g. identifying themes of excitement,
fear, or humor) and quantifying their prevalence, they could gauge
overall sentiment and specific concerns people voiced about the
robots. This kind of social media content analysis, when paired
with follow-up user interviews, can reveal not just what people say
about a technology in public, but why they feel that way. Indeed,
mixed-methods research has been advocated in HCI and social
computing as a way to capture both the breadth of public opinion
(via big data analytics) and the depth of individual experiences (via
qualitative inquiry). Recent studies illustrate this approach clearly.
Miyazaki et al. analyzed 3 million tweets about generative Al (e.g.,
ChatGPT), finding generally positive sentiment with notable ex-
ceptions, such as negative reactions from artists concerned about
misuse of their work [34].

In HCI research, qualitative coding is widely used to capture
subtleties of social judgment, humor, irony, and emotional ambiva-
lence that quantitative tools often miss [33, 44]. These methods are
especially useful when responses are stylized or performative, as is
common on platforms like Instagram. By combining automated sen-
timent pipelines with manual thematic analysis, our study aims to
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reveal not just what people say about virtual companions—but how,
why, and with what social performance techniques they express it.

2.3 Cultural and Platform-Specific Expressions

Users’ reactions to technology are deeply influenced by the cultural
codes and platform norms of the social media environments in
which those reactions occur. What people choose to express — and
how they express it — can vary dramatically between, say, TikTok
and LinkedIn, or between one community and another. Prior work
has shown that each social platform cultivates its own “vernacular”
of communication. TikTok, for example, encourages a norm of can-
did and playful expression. Barta and Andalibi’s interview study
of TikTok users found that the platform’s ethos of “fun” and au-
thenticity (encouraging users to “just be you”) actually normalizes
sharing of both positive and negative experiences in a supportive
atmosphere [3]. This suggests that on TikTok, users might respond
to a new Al gadget or companion by creating humorous, personal
videos — perhaps meme-filled or emotionally frank — because the
culture there rewards relatable authenticity.

In contrast, platforms like Instagram historically emphasize pol-
ished aesthetics and positivity [6]. Although recent trends have
moved toward more “authentic” content on Instagram as well, users
may still be less inclined to post overt criticisms or raw emotions
there, compared to TikTok. Such platform norms influence how
technologies are performatively received: a quirky home robot
might become the subject of affectionate parody on TikTok, yet
the same robot might be presented in a carefully filtered photo on
Instagram with a witty caption, aligning with each platform’s style.

Cultural context also plays a key role in technology perception.
Norms, values, and humor are not universal — an ironic joke about
an Al helper that resonates in one culture or language might fall
flat (or be misinterpreted) in another. Researchers have observed
cross-cultural differences in attitudes toward social robots [7] and
chatbots [15], often mediated by familiarity and societal narratives
about Al For instance, Japanese popular culture, which includes
friendly robot characters, may prime Japanese users to welcome
companion robots, whereas Western media’s frequent portrayal of
rogue Al could engender skepticism elsewhere [47]. These cultural
frames can manifest in social media reactions: Eastern audiences
might use cute or respectful language for an Al companion, while
Western users might respond with sarcasm or dystopian memes.
Understanding these subtleties is crucial. As Sharma et al. note
[43], online expressions (like memes) are often “derived from prior
social and cultural experiences”, and thus decoding a community’s
reaction to technology requires fluency in its cultural references.

In practice, this means that studies of user sentiment must in-
terpret content in light of both the platform’s performative con-
ventions and the community’s cultural background. Recognizing
an emoji-based joke or a viral meme format specific to a platform
can be the difference between misreading user sentiment and truly
grasping the public’s nuanced reaction to a technology. The related
work in this area encourages designers and analysts to be sensitive
to these context factors — for example, tailoring an Al companion’s
persona to align with local social norms, or choosing the right social
media channels to engage with users. By accounting for cultural
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and platform-specific modes of expression, we can better interpret
and predict the social reception of new interactive technologies.

3 Materials and Methods
3.1 The Case Study Post and Dataset

Our dataset was derived from an Instagram Reel posted on July 25,
2024 by the account @thebestoftiktok, which features viral content
aggregated from TikTok and elsewhere. The video — available at
https://www.instagram.com/reel/C900KFNOH5] — shows a man
dining alone at a sushi restaurant while wearing a mixed reality
(MR) headset, appearing to interact with a someone else. The cap-
tion reads: “The Guy brought his virtual girlfriend out for sushi...”
The man actively interacts with a virtual companion unseen on
the roll, gesturing, smiling, and enthusiastically conversing, as if
fully engaged in a shared dining experience. At one point, he even
pretends to feed the invisible figure with chopsticks, vividly rein-
forcing the presence of the virtual companion. The table in front
of him contains sushi dishes and drinks. Other customers seated
nearby can clearly observe his actions.

As of April 14, 2025, the post had received over 65,000 likes and
922 comments, making it a high-engagement example of public
response to social VR. For analysis, we manually reviewed and
cleaned the comment dataset, removing duplicates, non-English
comments with no translation, and replies that contained only tag-
ging or minimal interpersonal exchange. The final dataset included
719 unique comments, of which 235 were replies.

This dataset provides a naturalistic opportunity to examine social
reactions to virtual companionship in the context of dining—an
activity traditionally marked by co-presence and social bonding. It
also reflects wider cultural conversations about Al, intimacy, and
performative identity online.

3.2 Automated Quantitative Analysis

To establish a quantitative baseline, we applied a suite of natural
language processing tools:

e TextBlob: provided sentence-level polarity (from -1.0 to

+1.0) and subjectivity (from 0.0 to 1.0), capturing both valence

and personal tone.

VADER (Valence Aware Dictionary and sEntiment Rea-

soner): tailored for social media, VADER returned propor-

tions of negative, neutral, and positive sentiment, along with

a compound score for overall emotional intensity.

e NRCLex: counted words associated with basic emotions
(e.g., joy, anger, sadness), based on the NRC Emotion Lexicon.

e Transformer-based Emotion Models (BERT): used context-

aware models to assign probabilistic emotion scores (e.g.,

joy: 0.56, sadness: 0.12).

Part-of-Speech Tagging (SpaCy): identified the most fre-

quent nouns, verbs, and adjectives.

¢ Emoji and GIF Analysis: recorded the frequency and type
of emojis and GIFs, including their presumed emotional va-
lence.

These tools were chosen for their relevance to short-form, social-
media text and their capacity for large-scale processing. Lexicon-
based systems such as VADER are widely used in HCI, marketing,
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and social media research to provide quick sentiment estimates at
scale [19, 36, 46]. However, they are known to overestimate positiv-
ity in the presence of emojis or informal expressions—particularly
in sarcastic or culturally coded contexts [10, 14, 24, 39]. Because
these tools remain the default in many computational pipelines,
we applied them as a baseline. We also conducted a supplemental
analysis using a RoBERTa-based sentiment model trained on social
media text, which is known to better handle contextual cues and
irony [18, 41]. This comparison is discussed in the Results section.

3.3 Qualitative Coding Procedure

To uncover emotional and social nuance missed by automated meth-
ods, we conducted a full manual coding of the dataset using a 25-
category scheme developed inductively through thematic analysis.
These categories were later clustered into four broader groups for in-
terpretability: Approval, Disapproval, Interpretive/ Ambiguous,
and Meta/Self-Referential Commentary. Key subcategories in-
cluded “Disapproval - Mocking,” “Romantic Self-Projection,” and
“Gendered Resentment,” which emerged as especially frequent and
socially meaningful. The original scheme was created through an
iterative open coding process guided by grounded theory principles.
One author conducted several close readings of the entire dataset,
initially tagging comments with provisional, descriptive labels such
as “lonely,” “judgy,” “making a joke,” or “feels bad for him.” As the
coding progressed, these initial codes were refined through con-
stant comparison—grouping related concepts, merging overlapping
labels, and splitting ambiguous ones based on rhetorical function
or affective tone. For example, an early category labeled “emotional
reaction” was later divided into more specific categories such as
“Pity,” “Sympathy,” and “Bravery,” depending on whether the com-
ment expressed sadness, support, or admiration. Conversely, the
category “Mocking” was initially too broad, and later split into dis-
tinct forms such as “Judgment” (moral evaluation) and “Romantic
Self-Projection” (using humor to project one’s own relationship
frustrations).

Some categories, such as “Focus on Social Constructs,” were
created to capture comments that did not directly judge the person
or the technology, but instead reflected on societal implications or
norms (e.g., “This is what the world is coming to” or “We’ve gone
too far with tech”). This interpretive distinction was important for
identifying layered commentary that blends personal opinion with
broader cultural critique.

The final scheme was developed and refined over multiple coding
passes. Each comment was then reviewed again using the finalized
25-category set. Coding was binary and non-exclusive, meaning
each comment could be tagged with zero or more categories depend-
ing on its rhetorical structure and affective tone. The full category
list and frequencies are presented in Table 1.

While this coding scheme was tailored to this dataset, many
categories (e.g., 'Mocking, ’Judgment, 'Pity, ’Confusion’) reflect
recurring patterns in public responses to other emergent or contro-
versial interactive technologies and may be generalizable to other
social media platforms or case studies.
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Table 1: Frequency of manually coded comment themes
(N=719).

Theme Frequency
Approval - Bravery 24
Approval - Defensive 61
Approval - Jealousy 20
Approval - Live & Let Live 105
Approval - Sympathy 36
Disapproval — Bad for Society 113
Disapproval — Concern for Mental Health 89
Disapproval — Disgust 70
Disapproval — Judgment 411
Disapproval — Mocking 389
Disapproval — Pity 150
Focus on Social Constructs 74
Focus on bystander 19
Gendered Resentment 76
Lack of Understanding or Confusion 31
Objective Judgment 5
Pop Culture Reference 11
Privacy Concern 1
Relate to Self 43
Romantic Self-Projection 27
Suspected Spam

Thought it was VR

Thought it was a Real Person 5
Thought Post was Spam 5
Vague Curiosity or Interest 19

4 Results

4.1 Automated Sentiment Analysis

We first applied a suite of natural language processing tools (VADER,
TextBlob, NRCLex, and transformer-based emotion models) to our
dataset. The results of our automated quantitative analysis, includ-
ing sentiment distribution and emotional classification by tool, are
summarized in Table 2. Below, we discuss some specific examples
in more detail:

o VADER classified comments as predominantly neutral. Specif-
ically, 71.9% of comments were labeled as neutral, 14.6% as
negative, and 13.6% as positive. Despite the apparently bal-
anced ratio of positive to negative posts, a closer look at
the classified posts reveals a tendency to overestimate the
positivity of certain posts. For example, comments consist-
ing only of "¥ ¥ " or "&" were interpreted by VADER as
positive, despite clearly signaling mockery in context.

o TextBlob calculated polarity and subjectivity scores for each
comment, yielding an average polarity of 0.025 and an av-
erage subjectivity of 0.273. These scores suggest a neutral-
to-slightly-positive tone with relatively low personal expres-
sion.

¢ RoBERTa-based sentiment classification was also con-
ducted using a transformer model fine-tuned for social media
sentiment [2]. While more context-sensitive than VADER or
TextBlob, RoBERTa also fails to recognize mocking tone or
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sarcastic content. For instance, comments like “he’s braver
than the troops” or “finally a girl who won’t leave you” were
labeled as positive, despite clearly conveying social critique
or mockery. Overall, RoBERTa sentiment scores aligned more
closely with VADER than with our manual codes, highlight-
ing the limitations of even advanced models in interpreting
stylized, context-rich online discourse.

o NRCLex analysis showed that the most frequently detected
emotions were positive (21.2%), trust (14.0%), and joy (10.2%).
Negative emotions such as anger (5.4%) and disgust (5.2%)
were significantly underrepresented given the tone of the
dataset.

o Part-of-speech (POS) tagging, using SpaCy, revealed that
most comments were noun- or emoji-heavy, offering little
syntactic structure to support deeper inference.

e Emoji and GIF sentiment analysis interpreted visual
shorthand (e.g., “cry laughing”) as joyful, despite frequent
use in mocking or dismissive contexts.

Table 2: Automated sentiment analysis summary (N=719).

Tool/Model Results

VADER Positive: 13.6%, Neutral: 71.9%, Nega-
tive: 14.6%

TextBlob Polarity: 0.025 (scale -1 to 1); Subjectiv-

ity: 0.273 (0 to 1)

NRCLex (top | Positive: 21.2%, Trust: 14.0%, Joy: 10.2%,
emotions) Anger: 5.4%, Disgust: 5.2%

RoBERTa Senti- | Mostly Neutral; Sarcasm frequently mis-
ment classified as positive or neutral

Emoji Analysis Most frequent emojis: &, ¥ ; Misclassi-
fied as joyful (actual meaning: sarcasm,
mockery)

POS  Tagging | Frequent nouns: girl, life, bill; adjectives:

(SpaCy) virtual, real, brave

4.2 Limitations of Automated Tools

To assess the performance of automated sentiment tools, we manu-
ally coded ten emoji-heavy comments that exemplify the dataset’s
most common expressive forms. As shown in Table 3, VADER fre-
quently interpreted sarcastic or mocking comments as positive,
particularly when composed primarily of laughter emojis (e.g.,
"©&&S©S&&&"). RoBERTa, though more context-sensitive, de-
faulted to neutral sentiment in 7 of the 10 cases. In contrast, manual
coding identified frequent use of mocking, judgment, gendered
resentment, and relational self-projection—none of which were
detectable through lexicon-based sentiment classification alone.

These examples were not randomly selected; instead, they were
chosen to typify high-frequency comment patterns. Our goal was to
show concrete mismatches between sentiment models and manual
coding, not to quantify the accuracy of the model, but to demon-
strate interpretive failure in key rhetorical forms.

This comparison illustrates a broader pattern: while automated
tools may handle full sentences with clear affective markers, they
struggle with short, image-heavy, and socially coded expressions.
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Table 3: Sentiment classification for 10 illustrative emoji-rich
comments. These examples were purposefully selected to
reflect the most common expressive forms in the dataset
and highlight where automated sentiment models (VADER,
RoBERTa) diverged from manual interpretation.

Comment (shortened) | Manual VADER | RoBERTa
" Mocking | Positive Neutral
“@user maybe he doesn’t | Gendered | Neutral | Negative
want to deal with real girls | Resent-

and lose his peaceful life | ment

SESESESESSSS| Mocking | Positive Neutral
"@users ¥" Mocking Neutral Neutral
“He is going to ask her to | Judgment | Neutral Neutral
split the bill &" + Mock-

ing

“She paid with her virtual | Mocking | Neutral Neutral
card &"

“This is so cringe @" Judgment | Negative | Negative
w Q Judgment | Negative | Negative
"@user @& &" Mocking | Positive Neutral
"@user @ @" Judgment | Negative | Neutral

4.3 Manual Coding Results

Manual coding was conducted on all 719 Instagram comments
using a 25-theme scheme developed inductively through close the-
matic reading. The most frequent themes were overwhelmingly
disapproving in tone.

Disapproving Themes. The most common categories conveyed so-
cial judgment, mockery, and relational discomfort. Disapproval
—Judgment was the most frequent (411 comments), followed by
Disapproval — Mocking (389), and Disapproval - Pity (150).
Other prominent themes included Disapproval — Bad for Society
(113), Disapproval — Concern for Mental Health (89), and Dis-
approval — Disgust (70). These categories often overlapped within
the same comment, expressing layered disapproval—for instance,
mocking someone while also expressing pity or concern for their
mental state.

Several relational and gendered sub-themes also emerged. Gen-
dered Resentment (76 comments) involved references to dating
dynamics or generalized frustration toward women (e.g., “at least
she won’t nag”). Romantic Self-Projection (27 comments) cap-
tured projection of personal relationship histories, often masked as
humor (e.g., “at least she won’t leave him like my ex did”).

Ambiguous and Mixed-Valence Themes. A smaller set of categories
reflected interpretive ambiguity or socially performative stance-
taking. Lack of Understanding or Confusion (31 comments) and
Vague Curiosity or Interest (19) captured moments where users
were unsure how to interpret the post—or tentatively intrigued.
Focus on Social Constructs (74) reflected responses framed not
at the individual, but at larger themes like loneliness, gender roles,
or societal trends.
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Top Co-Occurring Manual Themes (Including Approval)

Disapproval - Judgment -

Disapproval - Mocking

Disapproval - Pity - 116 64 0 33 a2 6 65 21

Approval - Live |
& Let Live

Approval - Sympathy - 28 25 2 20 ) 15 19 10

Approval - Bravery: 12 10 6 18 15 0 1 5

Disapproval - Concern
for Mental Health

Disapproval - Disgust- 66 37 21 22 10 5 15 )
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Figure 1: Top co-occurring manual coding themes, including
both disapproval and approval categories (N=719). Cell values
represent the number of comments coded with both themes.
Diagonal values are zeroed for readability. This visualization
highlights how certain emotional tones, such as “Mocking”
and “Judgment” or “Pity” and “Sympathy,” frequently co-
occur within individual comments, reflecting the layered
nature of public reactions.

Approving Themes. Clear positive sentiment was rare. Approval
- Live & Let Live appeared in 105 comments and often signaled
tolerance rather than enthusiasm (e.g., “he’s not hurting anyone”).
Other approving themes were even less frequent: Approval — De-
fensive (61), Approval — Sympathy (36), Approval — Bravery
(24), and Approval - Jealousy (20). These tended to be performa-
tive, ironic, or layered—for instance, expressing support “in theory”
while signaling discomfort with actual use.

Each comment in our dataset could be assigned to multiple
themes, reflecting its tone, rhetorical structure, and layered emo-
tional stance. The co-occurrence matrix in Figure 1 captures how
often pairs of themes were coded within the same comment. This
reveals not only expected pairings—such as “Mocking” and “Judg-
ment” (284 co-occurrences) or “Pity” and “Concern for Mental
Health” (65)—but also more complex intersections across valence.
Some comments, for example, combined disapproval with reluctant
empathy, or framed curiosity in the language of critique. These pat-
terns suggest that public responses are rarely flat in tone; instead,
they compress contradiction, irony, and ambivalence into the dense
expressive forms of social media.

In sum, the manual coding revealed that while automated tools
interpreted most comments as neutral or mildly positive, the domi-
nant affective tone of the dataset was disapproval, judgment, and
emotionally charged projection. These findings support the need
for interpretive frameworks that capture intention, ambiguity, and
cultural meaning beyond the reach of sentiment lexicons.

Quantifying Interpretive Divergence. To better understand the gap
between automated and manual analysis, we compared sentiment
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labels across methods. Based on the final manual coding scheme,
549 of the 719 comments (76.4%) included one or more disapproval-
related themes, 149 (20.7%) included one or more approval-related
themes, and only 29 (4.0%) were coded as interpretive, ambiguous,
or neutral. In contrast, VADER labeled 71.9% of all comments as
neutral, 14.6% as negative, and 13.6% as positive. Of the 549 manu-
ally disapproval-coded comments, 387 (70.5%) were labeled neutral
by VADER. Only 101 were correctly labeled as negative. This di-
vergence reveals a major interpretive gap: while three-quarters
of comments expressed some form of disapproval in manual cod-
ing, sentiment tools flattened most reactions into neutrality. It also
underscores the challenge of interpreting stylized, sarcastic, or
multi-layered online commentary using off-the-shelf sentiment
tools.

Moreover, only 113 of the 549 disapproving comments (20.6%)
focused on the technology itself; the remaining 80% directed judg-
ment, sarcasm, or ridicule toward the user.

These findings underscore the limitations of lexicon-based sen-
timent classifiers in detecting social critique, sarcasm, or stylized
negativity—especially in the performative and image-rich medium
of Instagram. While neither method offers “ground truth,” the con-
trast between them highlights how platform fluency, irony, and
affective complexity challenge computational approaches.

4.4 Illustrative Examples of Divergent
Interpretation

To further demonstrate where automated sentiment models and
human interpretation diverge, we present examples from two repre-
sentative comment clusters. These clusters were selected to reflect
common misalignments in tone interpretation, rather than isolated
edge cases.

Cluster 1: Sarcasm Labeled as Positive or Neutral

e “Finally a girl who won’t leave you ® @” — Manual code:
Mocking + Romantic Self-Projection; VADER: Positive.

e “He’s braver than the troops ¥ ¥ ®” — Manual code: Mock-
ing; VADER: Positive.

Cluster 2: Sympathy Labeled as Neutral

e “Maybe this helps with his loneliness. Let him be” — Manual
code: Sympathy + Live and Let Live; VADER: Neutral.

e “As long as he’s happy, who are we to judge?” — Manual
code: Approval — Defensive; VADER: Neutral.

These examples illustrate how even subtle shifts in tone or emoji
use can lead to divergent interpretations—especially when irony,
generational expression, or social framing are involved. In such
cases, human coders with platform fluency are better equipped to
capture meaning than automated models.

Taken together, these quantitative and qualitative comparisons
reveal the limitations of standard sentiment analysis in this do-
main—not because the tools fail entirely, but because the nature of
expression on social media complicates the very notion of emotional
valence. This challenges us to rethink how we measure “public per-
ception,” especially in relation to socially embedded technologies
like ACCs.
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5 Discussion

Our manual coding revealed that public responses to the post pre-
senting a person eating with a virtual companion were complex
and layered—combining disapproval, relational frustration, humor,
and subtle forms of curiosity. Emojis such as "&" and " ¥ " were
frequently used to signal mockery or judgment but were misread
as joyful or neutral by sentiment models. This aligns with prior
work showing that lexicon-based tools like VADER and transformer
models often misclassify sarcastic, emoji-rich content as positive
or neutral, missing the performative and culturally coded nature of
commentary on Instagram, where emoticons often signal irony or
mockery rather than literal positivity [1, 4, 12].

These findings reinforce a broader insight: online commentary is
often performative. On platforms like Instagram, users may adopt
ironic, sarcastic, or hyperbolic tones not only to express opinion
but to manage identity and audience perception. Consequently,
the apparent tone of public comments—especially those relying on
meme logic or emoji shorthand—may obscure genuine interest or
acceptance.

Popular media may contribute to this disconnect. Dystopian por-
trayals of Al—as emotionless, threatening, or manipulative—have
shaped public imagination long before users encounter such sys-
tems in everyday life. These cultural scripts frame emerging tech-
nologies like ACCs as inherently suspicious, making public mock-
ery more socially acceptable than tentative curiosity or admira-
tion. And yet, despite this resistance, subtle signs of acceptance
are present. Themes such as “Approval - Live & Let Live,” “Sym-
pathy,” and “Bravery,” though infrequent, suggest that some users
are already reframing their responses. This aligns with broader
adoption patterns seen across technologies, where early adopters
and trend-setters—especially those fluent in platform culture—help
reshape public perception over time. We argue that public mockery
may obscure private curiosity. Understanding the future of com-
mensal technologies requires interpreting these subtle signals of
engagement—not just the loudest or most ironic reactions.

At the same time, we admit, that differently from our expecta-
tions, the commenters tended to focus more on the users of the
technology rather than the technology itself, often through a lens
of social stigmatization and cultural stereotypes. Thus, having users
free to post their own comments instead of using more focused re-
search tools such as questionnaires, we gain only limited knowledge
about the potential benefits of this technology, as well as only a few
suggestions for their developers. This is a particularly interesting
observation: although the post highlights a novel and emerging
use of technology, observers tend to focus primarily on the people
using it. This might be specific to the nature of the social media
platform used in this study. We can only hypothesize that the same
post, if published on a more specialized or technology-oriented
social network, would attract a different kind of comments. This
observation complements our previous studies on the potential
risks and concerns associated with this technology [21], in which
respondents indicated social stigmatization and threat of negative
perception by others as main concerns.

Nevertheless, certain comments address the technology itself,
and the potential it represents. For example: "can’t really blame
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him, im sure his virtual partner offers something humans can’t..”,

"

"He may be onto something.....", and " Crazy no! ? It’s Time!"

6 Conclusion

In this study, we explore public reactions to a system that allows
the person to eat with a virtual partner in public space by analyzing
Instagram comments. While automated tools suggested a broadly
neutral-to-positive sentiment profile, our qualitative analysis re-
vealed a far more nuanced reception. Public responses combined
disapproval, confusion, self-reflection, and ambivalence—often lay-
ered in ironic or socially performative ways. These findings caution
against interpreting social media sentiment at face value, partic-
ularly in spaces where humor and judgment co-exist. A minority
of users expressed sympathy, admiration, or even latent curios-
ity—though often framed through defensiveness or meme logic.
While this study centers on a single instance of virtual commensal-
ity, its insights speak to the specific social and emotional terrain
that ACCs must navigate.

Our work contributes to research in HCI, Al-mediated inter-
action, and computational social science by combining standard
sentiment analysis pipelines with detailed, qualitative coding. In
doing so, we demonstrate the value of layered interpretation in
design research and propose practical design guidelines for those
building socially embedded Al technologies. To sum up, the social
media are a valuable source of information on the social perception
of novel interactive technologies and their potential users, but anal-
yses need to be performed on multiple levels. Our framework thus
represents a methodological contribution: an interpretable, socially
grounded alternative to conventional sentiment labels, tailored for
the complexities of online commentary.

6.1 Limitations and Future Work

This study has several limitations. First, we did not have access to
demographic information about the commenters, which limits our
ability to analyze reactions by age, gender, cultural background, or
social identity. Instagram comments are anonymous, stylized, and
ephemeral, and interpretation depends heavily on platform-specific
conventions and audience dynamics.

Second, the dataset centers on a single viral post. While its popu-
larity and visual clarity made it a compelling case study, its unique-
ness may limit generalizability to other types of virtual companion-
ship. It also introduces potential framing effects: the post’s caption
explicitly identifies the virtual partner as a “girlfriend,” a relational
framing that may have elicited stronger gendered or moral judg-
ments than other labels might have (e.g., “a long-distance partner,”
“a companion,” or “a deceased relative”). Future work could ex-
plore how altering textual framing—while holding video content
constant—affects public response.

Third, all manual coding was conducted by a single author with
American, millennial cultural fluency. While this enabled informed
interpretation of emoji and meme-driven content, it introduces sub-
jectivity. A multi-coder or cross-cultural team could yield additional
nuance and inter-rater reliability.

Fourth, our analysis does not account for variation in the form or
modality of the companion. Prior studies have shown that reactions
to artificial agents often depend on factors such as embodiment,
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gender presentation, voice, and relational framing. Because the
virtual companion in this case was not directly visible or audi-
ble, commenters likely projected their own assumptions onto the
situation—some imagining an anime girlfriend, others a techno-
logical surrogate for a partner. Future work should explore how
perceptions differ across modalities (e.g., chatbots, avatars, robots)
and how impersonation or relational framing affects emotional
response.

Last but not least, the analysis is limited to a single type of social
network, which has a strong identity that shapes its users, their
behavior, and the roles they assume. Therefore, these results cannot
be generalized to the entire population or to other contexts. We
would expect different outcomes if a different medium were used
(such as Linkedin).

Despite these limitations, the emotional and rhetorical patterns
that emerged were consistent across hundreds of comments, and
they provide important insight into how commensal technologies
are judged, mocked, or cautiously explored in public discourse.

In future work, we plan to generate a series of controlled posts
varying key contextual elements—such as the eater’s gender, social
setting, or relational framing of the virtual character (e.g., friend,
partner, relative) as well as the type of social network. This would
allow us to investigate how social norms, empathy, and judgment
are shaped not just by the behavior shown, but by the narrative con-
text provided. We also aim to examine the use of targeted sentiment
analysis methods that distinguish between opinion about a user
versus their technology. Finally, we hope to include richer metadata
where available to explore platform-level trends and demographic
variation in reception.
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