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Abstract

Metaverse advertising has been promoted as an immersive marketing frontier, yet evidence
on critical and mixed responses remains limited. This study examines 5924 advertising-
relevant comments collected primarily from YouTube, supplemented by Reddit, between
March 2020 and June 2026. An abductive mixed-methods computational content analysis
combines codebook-based thematic analysis of 250 comments with pretrained sentiment
and emotion classifiers. Sentiment classifications were compared with human coding of
the 250 comments, performed without access to the automated labels, yielding Cohen’s
κ = 0.533 and 70.0% agreement; emotion classifications are treated as exploratory. Neutral
sentiment was most common (40.4%), followed by negative (33.2%) and positive (26.4%).
Qualitative analysis developed five appraisal tension categories, with promise versus
performance being the most frequently coded. Thirty-one comments in the qualitative
sample (12.4%) received a tension label. This proportion does not estimate psychological
ambivalence, although selected comments expressed simultaneous favorable and unfa-
vorable evaluations. Annual sentiment varied non-monotonically, including a rebound
in positive sentiment in 2023. A second sentiment classifier produced highly correlated
annual series for 2021–2025, despite differences in estimated proportions. Expectation–
disconfirmation theory provides an interpretive lens for perceived promise–performance
discrepancies rather than a tested causal mechanism. The findings highlight the credibility
of advertising promises and suggest that advertisers distinguish current capabilities from
future possibilities.

Keywords: metaverse advertising; expectation–disconfirmation theory; sentiment analysis;
user-generated content; appraisal tensions

1. Introduction
In May 2021, a digital Gucci handbag sold on Roblox for roughly US$4115, more

than the physical version cost in a boutique, as part of a branded experience that drew
close to twenty million visitors [1]. Nike soon opened Nikeland and a dedicated Web3
platform. When Facebook renamed itself Meta in October 2021 and committed billions to
an immersive successor to the mobile internet, the message to marketers was clear: the
next great advertising medium would be experiential, three-dimensional, and immersive,
with analysts projecting metaverse commerce worth trillions by 2030 [2]. Advertising has
always followed its audience, and the metaverse, the convergence of virtual and augmented
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reality into persistent, shared, immersive environments [3–5], was framed as the next such
migration, with advertisements embedded within, rather than interrupting, the experience.
The promise drew luxury houses, sportswear giants, and fast-food chains to stake virtual
territory [6]. However, the digital handbag that outsold its physical counterpart was
later reported to have lost much of its value, exposing a potential gap between what
immersive advertising promised and what the technology delivered. This raises the
following questions: How do ordinary consumers experience metaverse advertising? And
how does that experience change as hype rises and falls?

These questions are difficult to answer using the existing literature. Metaverse schol-
arship has been predominantly conceptual rather than consumer-grounded [3,4,6,7]. Em-
pirical work on immersive marketing has largely foregrounded the positive route from
immersion to engagement [8,9], while the few studies examining ambivalence suggest
that it is an important aspect of consumer responses [10]. Meanwhile, the literature on
user-generated content often treats sentiment as a measure of overall valence, poten-
tially obscuring the emotions, structures, targets, and temporal dynamics of consumer
responses [11,12]. Consequently, large-scale evidence on how consumers experience meta-
verse advertising and how these experiences evolve over time remains limited. The present
study examines how commenters evaluate metaverse advertising, which appraisal tensions
appear in their responses, and how classified sentiment and emotion vary across the ob-
served years. It draws on 5924 advertising-relevant comments collected primarily from
YouTube, supplemented by Reddit, during 2020–2026. The analysis combines qualitative
coding with automated sentiment and emotion classification.

RQ1. What sentiment and emotion patterns are expressed in the sampled comments concerning
metaverse advertising?

RQ2. Which appraisal tensions characterize comments concerning metaverse advertising?

RQ3. How do sentiment and emotion classifications vary across the observed years?

The study develops an interpretive typology of appraisal tensions, with promise versus
performance emerging as the most frequently coded category in the qualitative sample. It
also examines patterns in sentiment and emotion classifications and their variation over
time. Expectation–disconfirmation theory provides an interpretive lens for understanding
perceived discrepancies between expectations and actual experiences. The user comments
further reveal mixed responses to metaverse advertising, although the analysis does not
establish the prevalence of a single dominant form of ambivalence or a general tendency
toward alienation.

2. Literature Review and Theoretical Background
This section defines metaverse advertising, reviews the positive bias in consumer

response research, introduces ambivalence as an underexamined response, situates the
study within computational UGC analysis, and sets out expectation–disconfirmation theory.

2.1. The Metaverse and Metaverse Advertising

The term metaverse, coined by Neal Stephenson in his 1992 novel Snow Crash, denotes
a persistent, shared, three-dimensional virtual space in which people interact through
avatars [2]. Contemporary treatments converge on its defining attributes, i.e., the space
is shared, immersive, real-time, spatial, and digitally mediated, blending virtual and aug-
mented reality with blockchain-based digital assets and social presence [1,3]. Technical
surveys treat it as an emerging convergence some distance from full realization [4,5],
whereas synthetic accounts characterize it as a persistent universe of shared experience [6].
This gap between aspiration and the technical reality is the condition under which dis-
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confirmation may arise. For marketing, the shift is economic as much as experiential: the
metaverse introduces native systems of digital ownership through which brands sell virtual
goods and stage branded experiences [7,8]. Metaverse advertising is brand communica-
tion embedded within these environments [9,10]: the brand becomes the environment
the consumer occupies. Much of this literature remains conceptual, repeatedly calling
for consumer-grounded empirical evidence of how advertising in these environments is
actually received.

2.2. Immersive Advertising and the Positive Bias in Consumer Response Research

Empirical work on consumer behavior in immersive settings has a markedly positive
center of gravity rooted in accounts of flow [11,12] and telepresence [13,14] and extended
by work showing that presence enhances brand attitude and purchase intention [15–17].
The metaverse literature inherits this: VR retail studies model a route from immersion
through flow to purchase intention [18] and a review of forty-eight studies confirmed
a concentration on positive states with little attention to ambivalence [19]. Advertising
research mirrors this [10,20]. Yet the same tradition records immersion’s costs: advertising
value theory frames a tradeoff between entertainment and information benefits versus
irritation [21,22], and attitude-toward-the-ad research shows that a medium maximizing
an ad’s visibility also maximizes its irritation [23].

2.3. Consumer Ambivalence as a Distinct Response

Ambivalence, distinct from indifference or moderate sentiment, is the phenomenon
of holding both positive and negative evaluations simultaneously and is grounded in the
premise that inconsistent cognitions create psychological discomfort [24] and that posi-
tive and negative evaluations are separable dimensions rather than opposite ends of one
scale [25]. The evaluative space model formalizes this separability [26], and the gradual
threshold model shows that coexisting reactions produce a behaviorally consequential
tension [27]. It is relevant for this study because ambivalent attitudes are more unstable
and thus are more likely to be resolved through effortful processing of information in order
to cope with the discomfort [28,29]. Ambivalence recurs in the consumption experience:
according to [30], expectation–reality discrepancy is one of the key antecedents of con-
sumer ambivalence. Moreover, the metaverse is an arena for ambivalence, since, as was
found by [31], as the realism of virtual influencers grows, so do the feelings of coolness
and eeriness.

2.4. User-Generated Content and Computational Text Analysis

Studying spontaneous consumer response at scale requires unsolicited, naturalistic,
longitudinal data. User-generated content meets these criteria within a mature eWOM
literature showing that online evaluations affect sales [32–34]. Automated text analysis has
inferred market structure [35], linked UGC sentiment to firm value [36,37], and modeled sen-
timent across platforms [38], where fine-grained analysis outperforms coarse valence [39].
Comments are analyzed as evaluative text rather than situated interactional practice.

2.5. Theoretical Framework: Expectation–Disconfirmation Theory

Expectation–disconfirmation theory (EDT) provides an interpretive lens for examining
perceived discrepancies between advertising promises and performance. The theory relates
satisfaction and dissatisfaction to comparisons between prior expectations and perceived
performance [40], with subsequent applications to technology continuance through the
expectation–confirmation model [41]. In this study, EDT helps us to interpret comments
that contrast advertised possibilities with what commenters believe the technology delivers.
It does not imply that all commenters used the advertised platforms or that their assess-
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ments establish actual technological performance. Because prior expectations, verified
use, and subsequent satisfaction were not directly measured, the analysis does not test an
expectation–disconfirmation mechanism. Similarly, annual sentiment differences are not
treated as evidence of collective or market-level disconfirmation.

2.6. Synthesis of the Research Gap

Three strands converge to create a single gap: metaverse marketing scholarship is
thin in consumer-grounded evidence [2,42]; immersive marketing research foregrounds the
positive immersion-to-enjoyment route [19,43]; and the UGC literature treats sentiment as
a single valence [20,44]. No prior study combines a large naturalistic corpus, fine-grained
sentiment and emotion analysis, interpretive identification of ambivalence’s structure, and
an analysis of temporal variation in the collected comments. The present study addresses
this combined gap.

3. Research Methodology
3.1. Research Design and Philosophical Stance

The study employs an abductive, mixed-methods computational content analysis of
naturally occurring comments, selected because the research questions concern meaning
best recovered from unsolicited text and because measuring temporal dynamics requires
classification beyond manual coding. Inductive thematic analysis came first, followed
by expectation–disconfirmation theory as an interpretive lens applied to the dominant
tension. Two analytic streams were applied in sequence: the qualitative stream surfaced the
appraisal tensions and codebook, while the quantitative stream classified every comment
for sentiment and emotion. Target assignments were generated separately using keyword-
based rules and were not used for quantitative target comparisons.

3.2. Data Collection

Data were gathered primarily from YouTube comment sections, supplemented by
Reddit discussion threads concerning metaverse advertising and marketing. YouTube
was chosen on the basis of the availability of comments on its video content and the
facility to time-stamp them. The complete comments collected for the analysis amounted
to 5781 YouTube comments (97.6%%) and 143 Reddit comments (2.4%). Thus, the research
mainly focuses on the comments collected from YouTube, while Reddit is a secondary
source of material, and does not serve as an equal comparison of the two platforms. The
collection period started in March 2020 and ended in June 2026, including both limits
mentioned above without any complete year of data collection.

YouTube comments were retrieved programmatically through the YouTube Data API
v3. A seed set of relevant videos was identified using metaverse advertising search terms
(e.g., “metaverse advertising,” “metaverse marketing,” “brand in the metaverse,” “Meta
Horizon Worlds,” “Roblox brand,” “Nikeland,” “Gucci Roblox”), and top-level comments
and replies were extracted together with their time-stamps. Reddit data were collected
through PRAW (https://praw.readthedocs.io/, accessed on 27 August 2026) and Pushshift
(https://github.com/pushshift/api, accessed on 27 August 2026) from metaverse- and
marketing-related subreddits using the same seed term set. Both streams were merged into
a single time-stamped corpus for cleaning and analysis.

3.3. Data Cleaning and Corpus Construction

Cleaning removed duplicates, bot-generated content, non-English comments, and
blank entries, yielding approximately 58,800 unique comments. A second, advertising
relevance phase then applied a two-stage filter: (i) an automated keyword filter retaining
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comments referring to metaverse advertising, branded activity, or the marketing use of
the underlying technology, followed by (ii) a manual relevance review by the first author
to remove false positives (e.g., comments using “brand” in a non-marketing sense). This
yielded a final corpus of 5924 advertising-relevant comments (YouTube “n” = 5781, 97.6%;
Reddit n = 143, 2.4%), spanning 9 March 2020 to 22 June 2026, as summarized in Figure 1.

The population of interest comprises contributors to public English-language discus-
sions of metaverse advertising and branded activities on YouTube and Reddit during the
study period. The accessible sampling frame was restricted to the videos and Reddit discus-
sions identified through the study’s collection procedure. The corpus is a non-probability
sample of textual contributions, rather than a representative sample of consumers or ver-
ified metaverse users. The majority, 97.6%, come from YouTube, while the remaining
2.4% come from Reddit. The conclusions are therefore primarily based on the content
of the discussions on YouTube, which may not be representative of how people discuss
their views on other platforms. The results may also have been influenced by the use of
English-language comments, as well as the selection of videos and internet sources, and by
users’ own decisions to post comments.

Comments about platforms, branded activities like Roblox, Meta/Horizon Worlds,
and Fortnite are included in the corpus. Some comments refer to a particular platform, but
not every comment. The references are used to help explain the contents of the corpus, but
they are not a formal structure that sorts comments into platform types. As a result, it is
not possible to reliably categorize comments under an overall metaverse context or under a
specific platform.

Moreover, the advertising discussed herein includes a range of product categories
that have a diverse level of consumer engagement. High-involvement luxury products are
the most prominent example (10.9% of reactions, where Gucci is the most notable brand
present on the platform), along with tech and digital brands (8.0%, predominantly Meta),
fast-moving consumer goods and food brands like Coca-Cola, Wendy’s, and McDonald’s
(2.3%), and sportswear brands like Nike and Adidas (1.2% of the comments). This diversity
is of analytical importance: responses towards a high-involvement luxury product and
low-involvement fast-moving consumer goods placement do not need to be the same, and
the level of involvement may have an impact on the intensity of the ambivalent responses,
which will be dealt with in the limitations.

During revision, we examined retained source files and available public account
metadata to characterize contributors where feasible. Original YouTube comment identifiers
were recovered for 2269 corpus records. Metadata retrieval provided usable channel age
information for 2219 comments associated with 2191 distinct channels, covering 38.4% of
the 5781 YouTube comments. For each channel, age was calculated based on its earliest
usable linked comment. The median was 4.01 years, and the middle 50% of values ranged
from 1.13 to 10.16 years. The data retrieved showed that 2166 channels had one comment,
23 had two, 1 had three, and another had four. These numbers are for the comments
contained within the collected dataset and do not provide information on commenting
frequency on these channels throughout their history. Normalized text and time-stamps
were used to match the 143 Reddit records to their original source records: 97 came from
r/metaverse and 46 from r/oculus. Similar information on account age and past activity
was not available for Reddit users. The YouTube metadata covered comments posted
between 2022 and 2025, so they reflect only part of the collected data and do not include
every contributor or year covered by the study. Account identifiers distinguish channels
rather than verified individuals; the total number of unique people contributing to the
corpus remains unknown.
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Figure 1. Data collection, cleaning, and analysis pipeline.

3.4. Stream A: Codebook-Based Thematic Analysis

The qualitative strand preceded [45] the full-corpus computational analysis and used
a randomly selected sample of 250 comments drawn from the corpus for codebook-based
thematic analysis.

The first author manually coded the sample using fields for emotion, target, and
tension, supported by interpretive notes. These dimensions structured the analysis, while
additional tension labels were developed through engagement with the comments. Related
first-order labels were grouped into five higher-order appraisal tensions.

A second human coder independently coded a 50-comment subset without access to
the first author’s labels. Disagreements were reviewed using a reconciliation worksheet
covering 38 comments. The coders documented agreed interpretations and decision rules
to refine the codebook. They subsequently coded a fresh set of 40 comments independently
using the revised rules. Independent coding, reconciliation, and reassessment were treated
as distinct stages [46]. Category-specific intercoder agreement is reported in Section 3.6.
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The 250-comment sample supported the development and illustration of the appraisal
tension typology. Its size is not treated as statistical proof of thematic saturation. Frequen-
cies describe the coded sample and are not presented as population estimates for the full
corpus. Tension labels encompass both perceived discrepancies and mixed evaluations; they
are not automatically treated as evidence of simultaneous positive and negative attitudes.

The qualitative coding was conducted by human researchers. Sentiment and emotion
classification of the full corpus was performed separately using the pretrained transformer
models described in Section 3.5. Human agreement on individual coding categories does
not itself validate the automated classifications or establish agreement on the higher-order
tension typology.

3.5. Stream B: Automated Sentiment and Emotion Classification

The quantitative stream classified all 5924 comments using two pretrained transformer
models implemented through Python’s Hugging Face Transformers library. Sentiment
classification used cardiffnlp/twitter-roberta-base-sentiment-latest [47], assigning nega-
tive, neutral, or positive labels. Although “twitter” appears in the checkpoint name, the
study corpus consists of YouTube and Reddit comments. Emotion classification used j-
hartmann/emotion-english-distilroberta-base, assigning one of seven labels: anger, disgust,
fear, joy, neutral, sadness, or surprise. Each classifier assigned the highest-scoring category
to each comment, without an additional confidence threshold. Publication year was re-
tained for temporal analysis. Automated target assignments were generated separately
using keyword rules, as described in Section 4.4, and are not used for quantitative target
comparisons. The emotion classifications were not independently validated against human
coding in this corpus and are interpreted as exploratory model outputs. Temporal analysis
summarized sentiment classifications by calendar year, reporting annual sample sizes and
within-year percentages with pointwise 95% Wilson confidence intervals. An exploratory
Pearson chi-square test assessed the association between year and sentiment category for
2021–2025, excluding the sparse 2020 observations (n = 11) and the incomplete 2026 period,
which ended on 22 June. Cramér’s V summarized the association’s magnitude. These
analyses describe variation within the collected corpus; the confidence intervals and test
assume independent comments and do not account for clustering within videos or threads,
changes in source composition, or classification error. “Both classifiers were rerun on
the same 5924 comments in Google Colab (https://colab.research.google.com/, accessed
on 27 August 2026) using a documented environment with Python 3.13.15, Transformers
4.57.6, and PyTorch 2.11.0+cpu.”

No additional fine-tuning was performed. Inference used CPU execution, float32
precision, evaluation mode, and batches of 32 comments. Inputs were right-truncated
to 256 tokens, including special tokens, and padded to the longest sequence within each
batch. Forty-three comments required truncation for each classifier. Each model assigned
the category with the highest softmax score, without an additional confidence threshold.
The sentiment checkpoint revision was 3216a57f2a0d9c45a2e6c20157c20c49fb4bf9c7, and
the emotion checkpoint revision was 0e1cd914e3d46199ed785853e12b57304e04178b. These
settings document the rerun and do not reconstruct the original execution environment.
The reported tables and figures retain the original saved classifications. Relative to those
outputs, the documented rerun reproduced 99.73% of sentiment labels and 99.31% of
emotion labels. The largest absolute difference in annual sentiment proportions was
0.31 percentage points. These comparisons assess computational stability rather than
accuracy against human judgement.

To assess sensitivity to sentiment classifier choice, the full corpus of 5924 comments
was also classified using j-hartmann/sentiment-roberta-large-english-3-classes. Agreement
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with the primary classifier was 76.82% (Cohen’s κ = 0.6425). Across 2021–2025, the annual
sentiment proportions were highly correlated between classifiers: negative, r = 0.9841;
neutral, r = 0.9734; and positive, r = 0.9377. Each correlation was based on five annual
observations and is interpreted as exploratory. These results support broadly consistent
temporal patterns across the two classifiers, although the estimated sentiment proportions
differed. This comparison assesses robustness to classifier choice and does not replace
validation against human judgement.

We additionally conducted a worst-case classification error sensitivity analysis. Hypo-
thetical error budgets of 1%, 2%, 3%, 5%, 10%, and 30% allowed up to the corresponding
proportion of comment labels, rounded down to whole comments, to change arbitrarily. We
calculated bounds on the overall negative–positive sentiment difference and on the increase
in positive sentiment between 2022 and 2023. Error budgets applied to the full corpus for
the overall comparison and separately within each year for the temporal comparison. We
also calculated the minimum number of label changes required to eliminate or reverse
the overall ordering. These deterministic bounds assess sensitivity under hypothetical
errors; they are not confidence intervals. The 30% scenario does not establish a corpus-wide
error rate.

To assess the influence of the small Reddit supplement, we recalculated overall
sentiment percentages and annual sentiment percentages for 2021–2025 using only the
5781 YouTube comments, retaining the original saved sentiment labels. We compared these
percentages with those from the combined corpus. This analysis assesses sensitivity to
including Reddit; it does not correct platform selection bias.

3.6. Reliability and Validation

Human coding reliability is distinguished here from validation of automated classi-
fications against human judgements. For the qualitative coding, an initial independent
double-coding round identified disagreements in emotion and target assignments. The
coders discussed these disagreements and refined the codebook. They then independently
coded a fresh set of 40 comments using the revised rules.

In this second round, Krippendorff’s alpha was 1.00 for target classification and
approximately 0.05 for the nine-category emotion classification. These results indicate con-
sistent application of the target categories within this sample but substantial disagreement
over fine-grained emotion labels. The target coefficient does not establish agreement on the
tension typology or validate the automated target assignments applied to the full corpus.

Target distinctions are therefore retained for qualitative interpretation rather than
used to establish a quantitative hierarchy of criticism across advertisements, brands, and
technology. Fine-grained emotion results are reported as automated classifications; low
agreement between human emotion coders does not itself establish the accuracy of the
emotion model.

The first author, who also coded this sample for the qualitative analysis, independently
assigned positive, neutral, or negative sentiment labels without access to the automated
classifications. Comments were linked to the original corpus through their identifiers and
full text. Comparison with the original saved automated sentiment labels yielded Cohen’s
κ = 0.533 and 70.0% agreement (175/250), with a macro-averaged F1 score of 0.697. Class-
specific precision, recall, and F1 scores are reported in Table 1, and the confusion matrix is
reported in Table 2. These results indicate imperfect agreement and warrant caution when
interpreting automated sentiment patterns. This assessment concerns sentiment only and
does not validate the emotion classifications.
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Table 1. Sentiment classification performance against human coding.

Human Reference Category Precision Recall F1 Support

Negative 0.846 0.631 0.723 122

Neutral 0.607 0.774 0.681 84

Positive 0.635 0.750 0.688 44

Macro average 0.696 0.718 0.697 250

Table 2. Confusion matrix for automated sentiment classification against human coding.

Human Label ↓/Automated Label → Negative Neutral Positive Total

Negative 77 35 10 122

Neutral 10 65 9 84

Positive 4 7 33 44

Total 91 107 52 250
Note: Rows represent human-coded sentiment and columns represent automated predictions. Bold di-
agonal entries indicate agreement. Overall agreement was 70.0% (175/250), and Cohen’s κ was 0.533.

3.7. Ethical Considerations

This research analyzes publicly available online comments, with attention paid to
privacy concerns in online research [48]. To reduce the risk of identifying individual
commenters, illustrative excerpts are presented as meaning-preserving paraphrases rather
than verbatim quotations, and usernames, profile links, and comment URLs are omitted
from the manuscript. The accompanying identifiers are internal research codes. Public
accessibility does not eliminate privacy concerns.

4. Findings
This section presents the corpus overview, sentiment and emotion distributions, qual-

itative appraisal tensions, interpretive role of evaluation targets, annual classification
patterns, and illustrative responses to appraisal tensions.

4.1. Corpus Overview

The final corpus comprises 5924 advertising-relevant comments, mostly from YouTube
(Table 3), spanning 2020 to 2026.

Table 3. Corpus composition.

Source Comments (n) Share

YouTube 5781 97.6%

Reddit 143 2.4%

Total 5924 100.0%
Note: The corpus was created as a result of a two-stage filtering process: (i) automatic keyword filter-
ing using keywords related to metaverse advertising, branded activity, or the use of the underlying
technology in marketing, which reduced the number of unique comments to 5924 relevant to the
advertising aspect; and (ii) manual relevance filtering by the first author in order to remove false
positives such as the word “brand” used in a sense other than “branding,” reducing the number
to 5924.

4.2. Sentiment and Emotion Distributions

The sentiment classifier assigned neutral labels to 2394 comments (40.4%), negative
labels to 1968 (33.2%), and positive labels to 1562 (26.4%). Neutral was therefore the
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largest category, while negative classifications outnumbered positive classifications by
406 comments (6.85 percentage points). Under a 3% worst-case error budget, the minimum
difference remained positive at 0.88 percentage points. However, reassigning 203 negative
classifications to positive would eliminate the difference, and 204 such changes (3.44% of
the corpus) would reverse it. At a 5% error budget, the possible difference ranged from
−3.14 to 16.85 percentage points. The observed ordering therefore describes the automated
classifications but is sensitive to adverse classification errors (Figure 2).

Figure 2. Worst-case sentiment sensitivity analysis. (A) Bounds on the overall negative–positive sen-
timent difference under corpus-wide error budgets. (B) Bounds on the 2022–2023 positive sentiment
difference under separate error budgets within each year. Intervals represent deterministic bounds
under hypothetical label changes, not confidence intervals. Error budgets do not estimate actual
classification error rates.

The emotion classifier assigned joy to 878 comments (14.8%), surprise to 833 (14.1%),
and sadness, anger, disgust, or fear to a combined 1274 comments (21.5%). Among the
833 surprise-labeled comments, 272 were classified as negative in sentiment (32.7%), 313
as neutral (37.6%), and 248 as positive (29.8%). These distributions describe automated
model outputs and are interpreted as exploratory findings rather than validated measures
of emotion.

The distribution of positive and negative classifications across comments reflects
aggregate sentiment heterogeneity, not individual ambivalence. The qualitative analysis
considers within-comment ambivalence only where positive and negative evaluations are
expressed together. Neither the overall sentiment distribution nor the tension category
frequencies establish the prevalence of individual ambivalence across the full corpus. The
cross-tabulation in Table 4 shows that surprise classifications occurred across all three
sentiment categories. Figure 3 presents the distribution of automated sentiment and
emotion classifications.

4.3. Five Appraisal Tensions in the Coded Comments

This study explores evaluative tensions in comment discourse instead of directly
measuring psychological ambivalence. Expressed ambivalence is a positive and negative
assessment that is expressed in a single comment on metaverse advertising or brands
and technologies. These evaluations may concern different aspects or targets, so their
coexistence does not necessarily establish conflicting attitudes toward the same object.
The thematic analysis developed five broader appraisal tension categories, summarized
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in Table 5. These include mixed evaluations as well as contrasts between advertised
expectations and perceived performance that do not necessarily indicate ambivalence. At
the corpus level, the categories describe recurring discourse patterns; the distribution of
positive and negative evaluations across separate comments represents aggregate sentiment
heterogeneity. Within-comment mixed evaluations may suggest psychological ambivalence,
but commenters’ internal states and their prevalence cannot be established from these data.

Table 4. Cross-tabulation of automated emotion and sentiment classifications (n = 5924).

Emotion Label Negative Sentiment Neutral Sentiment Positive Sentiment Total

Anger 286 50 38 374

Disgust 292 41 8 341

Fear 100 42 19 161

Joy 65 181 632 878

Neutral 684 1680 575 2939

Sadness 269 87 42 398

Surprise 272 313 248 833

Total 1968 2394 1562 5924

Note: Negative emotions (sadness, anger, disgust, fear) sum to 1274 comments (21.5%).

Figure 3. Distribution of automated sentiment and emotion classifications.

Fifteen first-order tension labels were grouped together to form the five higher-order
tensions. as shown in Table 6 The coding worksheet has 31 tension-labeled comments out
of 250 comments commented (12.4%). These tags reflect various types of evaluative tension
such as the discrepancies between expectations of advertising promises and performance,
and, in some of the comments, express positive and negative evaluations. Positive and
negative attitudes are not always simultaneous in a tension label. The typology thus refers
to the patterns in the coded discourse, and the explicit mixed evaluations offer illustrative
evidence of the ambivalence in a subset of comments.

The highest number of tensions coded in this sample were in the area of promise
versus performance. This involved actual differences between the representations and the
experience or capabilities of commenters. This can be expressed as disappointment with no
accompanying positive assessment and thus not necessarily as ambivalence. Praises using
mixed evaluation also point out something good about an advertisement’s music or visual
presentation but mention something bad about the message, or something good about the
technologies but something bad about the message. The other tensions are those that are
observed in the sample and have not been established as a statistically significant hierarchy.
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Table 5. Five appraisal tension categories developed from the qualitative sample.

Tension Positive Pole Negative Pole

Promise vs. Performance Excitement at an immersive,
transformative advertising future

Disappointment at a perceived
shortfall between advertised
possibilities and technological
performance

Excitement vs. Skepticism Genuine enthusiasm for novelty
and possibility

Suspicion that the metaverse is hype,
a fad, or a corporate land-grab

Appeal vs. Privacy/Creepiness Attraction to personalized,
immersive brand experiences

Unease about surveillance, data
capture, and intrusion

Authenticity vs. Commercialization Appreciation of creative, playful
branded worlds

Resentment that shared virtual space
is being commercialized

Immersion vs. Intrusion Pleasure in being surrounded by an
engaging branded environment

Irritation at advertising that cannot
be ignored or escaped

Note: Promise versus performance was most commonly coded in the 250-comment sample. The
other tensions are listed as other interpretive categories; the order does not reflect a statistically
established rank or the relative theoretical importance of the tensions. Qualitative interpretation of the
distinctions in the illustrative examples is made in the target. The poles refer to divergent evaluative
orientations and are not to be understood as meaning that each coded comment was made at the
same time. The categories are not attempts to quantify the incidence of psychological ambivalence in
the entire corpus. Illustrative paraphrased excerpts (internal research IDs in parentheses): Promise
vs. Performance: The commenter expected an accessible, dependable system requiring little setup,
but difficulties signing in led them to question whether the advertising had misrepresented the
experience (MAC_0621). Excitement vs. Skepticism: The commenter praised the advertisement’s
artistic execution while expressing discomfort with the future it portrayed and hoping that an
alternative provider would emerge (MAC_0132). Appeal vs. Privacy/Creepiness: The commenter
expressed concern about the company’s data practices while acknowledging its substantial financial
commitment and contribution to advancing virtual reality (MAC_0608). A further Promise vs.
Performance example: The commenter initially found the apparently improved headset design
exciting, but inspecting the item used in production revealed that it was a non-functional prop rather
than the product they had imagined (MAC_0591). Immersion vs. Intrusion: Initial interest gave
way to concern when the commenter imagined large advertisements appearing within their home
environment (MAC_0245). Note: These are not verbatim quotations, but paraphrases that retain the
meaning. They represent evaluative contrasts; not all contrasts create positive and negative emotions
at the same time.

Table 6. Derivation of the five higher-order tensions from first-order codes.

Higher-Order Tension First-Order Codes Grouped Under It Comments

Promise vs. Performance (dominant) Promise vs. performance, ad vs. reality, advertising vs.
reality, paid vs. uncovered, advertising vs. events 19

Excitement vs. Skepticism Excitement vs. skepticism, hope vs. skepticism, boring
vs. hopeful 4

Appeal vs. Privacy/Creepiness Utility vs. privacy, novelty vs. privacy, creepy vs. catchy 4

Authenticity vs. Commercialization Authenticity vs. commercialization, craft vs. message, hate
vs. compulsion 3

Immersion vs. Intrusion Immersion vs. intrusion 1

Note: Counts refer to comments assigned a tension label in the original coding worksheet, grouped
as shown above. The total is 31 of 250 comments (12.4%). This percentage describes tension-labeled
comments, not a validated prevalence estimate of psychological ambivalence. Counts are descriptive
of the coded sample and do not establish a statistically significant ranking of the tensions.
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4.4. Qualitative Interpretation of the Target of Evaluation

The qualitative coding distinguished evaluations concerning the advertisement, the
brand or company, and the underlying technology. This distinction helped identify what a
comment was evaluating when interpreting the appraisal tensions. It is used here as an
interpretive dimension rather than as evidence that criticism predominantly concerned
one target.

The original full-corpus target assignments were generated using keyword rules.
Brand keywords took precedence over technology keywords, and comments matching
neither set were assigned to the advertisement category. These operational rules differ
from contextual human interpretation: a company name can occur in a comment about
a technological problem, and the absence of a brand or technology keyword does not
establish that a comment evaluates the advertisement itself.

Accordingly, the automated target categories are not used to establish comparative lev-
els of criticism across advertisements, brands, and technology. Human agreement on target
coding in a separate coding exercise is distinguished from the accuracy of these full-corpus
automated assignments. The qualitative target distinction is retained to contextualize the
thematic interpretation without asserting a corpus-wide hierarchy of targets.

4.5. Annual Variation in Sentiment

The annual distribution of automated sentiment labels varied non-monotonically
across the observation period. Negative sentiment had its highest observed share in 2022
(42.8%). Positive sentiment increased from 22.5% in 2022 to 31.6% in 2023, exceeding its
2021 share of 30.1% before declining to 26.1% in 2024 and 25.2% in 2025. This pattern
shows that positive classifications did not follow a continuous decline after 2021. Positive
classifications increased from 146/650 comments in 2022 (22.46%) to 169/534 in 2023
(31.65%). The rebound itself is sensitive to mistakes made while categorizing. The analysis
does not prove that temporal comparisons are robust (see Figure 2). If we disregard Reddit,
overall sentiment values were modified by just 0.2 percentage points at most. For the
period of 2021–2025, the maximum absolute difference between YouTube-only sentiment
values and those in a combined estimation was 1.14 percentage points. The change in
the number of positive classifications was 9.62 percentage points for YouTube alone and
9.19 percentage points for the overall analysis over the year 2022–2023. Based on the
indicated limitations of comparisons, it can be concluded that the influence of Reddit is
insignificant compared to the strength of YouTube. However, this fact does not allow
talking about representativeness. Boundary years should be treated carefully. In the 2020
sample, only 11 comments were left, and there was only 1 positive comment, making it
impossible to indicate the starting point clearly. The 2026 data consist of the results only
until 22 June, which explains the positive percentage of 21.3% and neutrality of 50.3%.
To conduct an analysis without these extreme years, we disregarded 2020 and 2026 data
and worked with the 5360 comments from 2021–2025. An exploratory Pearson chi-square
test showed a link between both year and sentiment category: χ2(8) = 75.87, nominal p
< 0.001, with Cramér’s V = 0.084. In addition, all expected cell frequencies were greater
than five. This test studied the differences in composition from one year to another but
does not show whether there is a continuous change, a hype cycle effect, or any impact
of a particular industry event. The test together with confidence intervals assumes that
comments are independent. However, since comments can be grouped within videos or
threads, and sources can differ from year to year, these results should be treated with
caution as general patterns regarding the whole dataset. Neutral classification itself does
not imply psychological neutrality. Table 7 presents the annual sample sizes and sentiment
proportions with 95% Wilson confidence intervals.
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Table 7. Year-wise distribution of automated sentiment labels with 95% Wilson confidence intervals.

Year Comments, n Negative % [95% CI] Neutral % [95% CI] Positive % [95% CI]

2020 * 11 36.4 [15.2–64.6] 54.5 [28.0–78.7] 9.1 [1.6–37.7]

2021 1401 29.8 [27.4–32.2] 40.1 [37.6–42.7] 30.1 [27.8–32.6]

2022 650 42.8 [39.0–46.6] 34.8 [31.2–38.5] 22.5 [19.4–25.8]

2023 534 39.1 [35.1–43.3] 29.2 [25.5–33.2] 31.6 [27.8–35.7]

2024 708 36.2 [32.7–39.8] 37.7 [34.2–41.3] 26.1 [23.0–29.5]

2025 2067 31.3 [29.3–33.3] 43.5 [41.4–45.6] 25.2 [23.4–27.1]

2026 * 553 28.4 [24.8–32.3] 50.3 [46.1–54.4] 21.3 [18.1–24.9]

Note: Percentages use the number of comments in each year as the denominator and may not sum
to 100 because of rounding. The corpus begins on 9 March 2020 and ends on 22 June 2026; these
boundary years therefore represent partial calendar year coverage. The 2020 estimates are especially
imprecise because they are based on only 11 comments. Intervals are nominal, pointwise 95% Wilson
intervals under an independent-comment binomial model. They do not account for clustering
within videos or threads, non-probability data collection, or classification error and should not be
interpreted as population-representative uncertainty estimates. * Indicates partial calendar-year
coverage: 9 March–31 December 2020 and 1 January–22 June 2026.

4.6. Emotional Composition over Time

Figure 4 presents the annual sentiment classifications, while Figure 5 shows the annual
proportions of model-assigned emotion categories. For instance, joy constituted 16.3 percent
of the comments in 2021, then decreased to 11.1 percent of comments in 2022, then rose
to 16.7 percent in 2023. Neutral was the most dominant emotion in each analyzed year.
The exploratory classifications here are automated but they do not indicate the presence of
psychological disengagement, disappointment, or a long-lasting hype cycle.

Figure 4. Annual sentiment classifications with pointwise 95% Wilson confidence intervals.

4.7. Interpreting Commenters’ Responses to Appraisal Tensions

The qualitative reading suggested several ways in which commenters articulated
their responses to appraisal tensions. One involved tentative openness: a commenter
considered the technology’s future potential while questioning whether their own interest
merely reflected attraction to novelty (MAC_0576). Another involved cynical dismissal: a
commenter regarded the Meta identity as a promotional device rather than a convincing
proposition (MAC_0620). A third involved distinguishing different aspects of a company’s
conduct: a commenter acknowledged its investment in advancing virtual reality while
expressing distrust of its data practices (MAC_0608).

https://doi.org/10.3390/jtaer21110396

https://doi.org/10.3390/jtaer21110396


J. Theor. Appl. Electron. Commer. Res. 2026, 21, 396 15 of 21

Figure 5. Annual proportions of model-assigned emotion categories.

These examples illustrate interpretive response patterns rather than psychological
resolution or behavioral disengagement. In particular, MAC_0608 distinguishes technolog-
ical contribution from data practices; it does not establish that the commenter blamed
technological immaturity. These qualitative patterns do not establish a corpus-wide
progression towards disengagement. The temporal analysis describes changes in sen-
timent proportions, and a neutral classification should not be interpreted as evidence of
psychological disengagement.

5. Discussion
5.1. Principal Findings

This study examined responses to metaverse advertising in 5924 comments. Negative
sentiment classifications were more common than positive classifications, although neutral
was the largest category. The qualitative analysis of 250 comments developed five appraisal
tension categories, with promise versus performance being most frequently coded within
that sample. These tensions illustrate perceived discrepancies and, in some comments,
coexisting positive and negative evaluations; they do not establish the prevalence of am-
bivalence across the full corpus. Annual sentiment varied non-monotonically: the positive
share declined in 2022, rebounded in 2023, and declined thereafter through the observed
portion of 2026. These temporal patterns do not establish a progression towards psycho-
logical disengagement or demonstrate that particular industry events caused the changes.
Table 8 summarizes the research questions, analytical approaches, and principal findings.

5.2. Reframing Metaverse Advertising Through Expectation–Disconfirmation Theory

Negative reactions in this corpus should not, by themselves, be interpreted as evi-
dence of a metaverse-specific advertising problem. The study does not include a compari-
son with conventional advertising and therefore cannot establish whether the observed
concerns are distinctive to metaverse contexts. Its qualitative contribution is to identify
how some commenters articulate perceived tensions between advertising promises and
technological possibilities.

This also qualifies what critical sentiment implies for effectiveness. Negative sentiment
alone does not establish advertising ineffectiveness; the present study does not measure
behavioral responses or campaign outcomes. The contribution is therefore not a claim that
disliking advertising implies advertising ineffectiveness; rather, the qualitative analysis
illustrates how some commenters express perceived discrepancies between advertising
promises and technological performance, sometimes alongside positive evaluations. These
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accounts suggest that the credibility of advertising promises warrants attention. However,
the study does not measure advertising effectiveness, changes in attention, or psychological
disengagement. Neutral sentiment classifications should therefore not be interpreted as
evidence that consumers became indifferent or that advertising lost its influence. The
promise-versus-performance tension identified in the qualitative sample can be interpreted
through expectation–disconfirmation theory [40,41]. Comments coded within this category
describe perceived discrepancies between advertised possibilities and what commenters
believe the technology delivers. This interpretation draws attention to the credibility
of advertising promises alongside immersion and enjoyment. However, the study does
not directly measure prior expectations, verify commenters’ product use experiences, or
establish that disconfirmation caused the observed sentiment patterns.

Table 8. Research questions, analytical approaches, and principal findings.

Research Question Method Principal Finding Interpretation

RQ1. What sentiment and
emotion patterns are

expressed in the sampled
comments concerning

metaverse advertising?

Transformer-based
sentiment and emotion

classification of
5924 comments.

Neutral sentiment was
most common (40.4%),
followed by negative
(33.2%) and positive
(26.4%). Neutral was

also the largest
emotion category.

Negative classifications
exceeded positive

classifications; these results
do not establish actual

technological performance.

RQ2. Which appraisal
tensions characterize
comments concerning

metaverse advertising?

Manual, codebook-based
thematic analysis of

250 comments.

Five tension categories
were developed; promise
versus performance was

the most frequently coded.

The categories illustrate
perceived discrepancies

and some mixed
evaluations without

estimating corpus-wide
ambivalence.

RQ3. How did sentiment
and emotion classifications

vary across the
observed years?

Annual distributions;
sentiment confidence
intervals; exploratory

year–sentiment association
test for 2021–2025.

Positive sentiment fell from
30.1% in 2021 to 22.5% in
2022, rebounded to 31.6%

in 2023, and reached 21.3%
in partial year 2026.

Temporal variation was
non-monotonic and does
not establish event effects

or psychological
disengagement.

Note: Findings describe the collected corpus. Target distinctions are interpreted qualitatively. Annual
sample sizes and sentiment confidence intervals appear in Table 7; 2026 observations extend through
22 June.

The qualitative and temporal analyses therefore provide complementary evidence
at different levels: the qualitative analysis illustrates how some commenters articulate
perceived promise–performance discrepancies, whereas the temporal analysis describes
changes in the sentiment composition of the collected corpus. The non-monotonic annual
pattern does not establish a market-level process of collective disconfirmation or psycho-
logical disengagement. The study’s contribution lies in identifying appraisal tensions that
can inform future tests of expectation–disconfirmation in metaverse advertising. Longi-
tudinal research tracking individuals’ expectations, verified experiences, and subsequent
evaluations would be needed to test the proposed mechanism directly.

Alternative explanations may also account for the observed temporal variation.
Changes in media coverage, declining novelty, and shifts in the mix of channels and
commenters could influence annual sentiment proportions. The present analysis does
not distinguish these explanations from an expectation–disconfirmation interpretation.
Accordingly, expectation–disconfirmation is used as an interpretive lens rather than an
established explanation for the temporal pattern.
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5.3. Directions for Testing the Proposed Interpretation

The qualitative findings motivate a tentative proposition for future research rather than
establish a tested relationship: perceived discrepancies between advertising promises and
experienced performance may be associated with more critical evaluations of metaverse
advertising. Testing this proposition would require measuring expectations before exposure
or use, subsequent experiences, and resulting evaluation. The temporal findings show
fluctuations in classified sentiment. Whether improvements in technological performance
influence subsequent responses remains an open question requiring longitudinal research
with verified users.

5.4. Theoretical Implications

The study contributes to research on metaverse advertising by identifying appraisal
tensions in naturally occurring comments alongside aggregate sentiment patterns. The
qualitative categories draw attention to perceived promise and performance discrepancies
and, in selected comments, coexisting favorable and unfavorable evaluations. They com-
plement research on positive responses to immersive advertising without establishing that
ambivalence characterizes most consumers. Expectation–disconfirmation theory explains
the reasons for the apparent incongruities rather than providing a method tested using
the data collected. The temporal analysis supplies proof of the non-linear behavior of
the emotions attributed to different sentiments expressed in the gathered comments but
does not prove the emergence of personal ambivalence or disproval at the market level.
Combining qualitative interpretation with computational classification therefore supports
complementary descriptions at different analytical levels, subject to the reported validation
and sampling limitations.

5.5. Managerial Implications

The qualitative results indicate that it may be necessary for marketers to differentiate
between current competences and future possibilities throughout the process while defin-
ing means and equipment necessary for advertised solutions. On the other hand, privacy
and intrusion issues may highlight the importance of transparency of data handling pro-
cesses and decisions made by users. Pretesting of a campaign may reveal whether people
believe the advertising messages and consider the interactions with brand communications
intrusive. These recommendations address concerns expressed in the comments; the study
does not establish actual product performance or test their effects on trust, engagement,
or purchasing.

5.6. Limitations

The corpus was created using various public English-language conversations, such as
those from YouTube videos, and is not representative of the opinion of either consumers
or actual metaverse users. The YouTube-only results do not eliminate platform, source
selection, and self-selection bias. Information on the age of the channel covered 38.4% of the
comments, based on data limited to the years 2022–2025; no systematic profile of the age of
the Reddit accounts was produced. The reported counts of comments cover the activity
only for the time it took to produce them. The information regarding the demographics,
knowledge, product experience, or human identity of the participants is unfounded. The
sample includes 250 qualitative records and provides no basis for establishing overall
prevalence across the corpus.

For sentiment classification, there was imperfect agreement among humans (κ = 0.533;
70.0%), and results related to emotions have not been validated or confirmed. The agree-
ment of humans with each other does not validate the automated outputs or the entire
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tension classification system. None of the orders from negative to positive or the increased
positive sentiment from 2022 until 2023 is guaranteed. The error budgets are theoretical and
do not represent the real error rates for the possible cases. Annual changes are available,
meaning the presence of different reasons and causes for these changes. Error intervals
gained by the confidence interval method and association method do not cover clustering
errors and mistakes during classification. Sparse data from 2020 and lack of coverage from
2026 do not help in making comparisons. Data from the second classifier give support for a
similar pattern but do not help make claims about the proper classification process.

6. Conclusions
Metaverse advertising presents possibilities for immersive brand experiences, but how

audiences interpret its promises and express contrasting evaluations remains insufficiently
understood. This study examined these responses through automated classification of
5924 online comments, collected primarily from YouTube with a small Reddit supplement,
and qualitative analysis of 250 comments. Neutral sentiment was the largest automated
category (40.4%), followed by negative (33.2%) and positive sentiment (26.4%). The ob-
served negative–positive difference was 6.85 percentage points, but this ordering was
sensitive to classification uncertainty. Reassigning 204 negative labels to positive (3.44%
of the corpus) would reverse it. Under a hypothetical 5% worst-case error budget, the
difference ranged from −3.14 to 16.85 percentage points. Negative classifications therefore
exceeded positive classifications in the saved outputs, but this finding was not guaranteed
under the tested adverse errors. Annual sentiment varied non-monotonically, including an
increase in positive classifications in 2023. A second classifier produced broadly similar
annual patterns for 2021–2025, although estimated proportions differed. The 2022–2023
positive sentiment increase was also not guaranteed under a 5% error budget applied sepa-
rately within each year. These findings describe variation in classified comments without
establishing effects of technological performance or industry events. This study makes two
contributions: First, it shows how qualitative analysis complements sentiment counts by
identifying five appraisal tensions in audience evaluations. Promise versus performance
was the most frequently coded tension, while some comments expressed interest alongside
doubt. The 31 tension-labeled comments (12.4% of the qualitative sample) included both
perceived discrepancies and mixed evaluations; they do not establish the prevalence of
psychological ambivalence. Second, the study explicitly assesses classification uncertainty,
providing a transparent basis for interpreting headline sentiment proportions cautiously.
For marketers, the findings suggest the value of distinguishing demonstrated capabilities
from future possibilities and examining how audiences interpret advertising promises.
These implications remain limited by the predominantly YouTube-based sample, unveri-
fied product use experiences, imperfect sentiment classification, and unvalidated emotion
outputs. Expectation–disconfirmation theory offers an interpretive lens for the perceived
promise–performance gaps. Future research should test this interpretation using measured
expectations, verified experiences, and more balanced sampling across platforms.

7. Future Research Directions
Future explorations could evaluate the notions of expectation–disconfirmation by

performing experiments that manipulate the promises made in advertisements and the sat-
isfaction people have with the services received. The longitudinal studies conducted could
assess the expectations crucial to the time before experiencing the product and the evalua-
tion after its unsuccessful testing. It is suggested to involve people with real experience in
using the product being evaluated and to collect information about their demographics,
skills in using technology, and pattern of usage. Including multiple platforms, non-English
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discussions, and audiences who do not publicly comment would help assess the transfer-
ability of the present findings. The five appraisal tensions could guide the development and
validation of survey items alongside direct measures of psychological ambivalence. Such
research should distinguish simultaneous positive and negative evaluations of the same
object from contrasts across objects or changes in opinion over time. Larger, independently
human-coded samples could also assess sentiment and emotion classification performance
across platforms and years.
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