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ABSTRACT

Artificial intelligence (AI) and sensing technologies are reshaping how
people experience immersive environments. This study investigates how
audiences perceive and emotionally respond to such environments
through an AI-driven mixed-methods analysis. A dataset of 275 user-
generated YouTube videos documenting experiences with The Sphere, an
AI-convergent immersive environment, totaling over 3000 min of content
and 24 million cumulative views, was analyzed to extract experiential
themes, dominant emotions, and their relationships with public engage-
ment metrics. The analysis identified seven key experiential themes: Awe
of the Display, Personalized Spatial Audio Experience, Full-Body Sensory
Engagement, Dynamic Visual Spectacle, Joyful Human–AI Encounter,
Futuristic Spatial Design Experience, and Transformative Event Envi-
ronment. Sentiment analysis revealed that fear was the most dominant
emotion in textual narratives (42.3%), followed by surprise, sadness,
happiness, and anger, whereas video-based analysis highlighted happi-
ness (25.8%) and sadness (24.5%) as the most salient visual emotions.
This contrast suggests that linguistic expressions emphasized feelings of
awe and overwhelm, while visual cues reflected affective immersion and
emotional depth. Regression results showed that Awe of the Display had
the strongest positive impact on engagement (views, likes, comments),
while Personalized Spatial Audio Experience showed a negative effect.
These findings deepen the understanding of user experience in immersive
environments and demonstrate how AI-assisted multimodal analysis can
reveal the dynamics between audience perception and engagement in
next-generation immersive environments.
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1 Introduction

The convergence of artificial intelligence (AI) and smart sensing technologies has fundamentally
transformed how humans experience both digital and physical environments. As intelligent sensing
systems and adaptive computation become embedded into architectural and cultural spaces, the envi-
ronment is no longer a passive backdrop but an active experiential ecosystem capable of interpreting
and responding to human activity in real time.
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Human interaction with the world is inherently multimodal [1–3], integrating visual, auditory,
tactile, and proprioceptive cues into a unified perceptual experience. This understanding shaped early
research on multimodal interfaces in human–computer interaction (HCI) during the 1980s [4]. With
advancements in AI and real-time data analytics, multimodal interaction has since expanded beyond
screen- or device-based interfaces into AI-convergent immersive environments—spatial settings in
which architecture, sensing technologies, display systems, and intelligent computation converge to
produce adaptive, multisensory experiences.

The Sphere in Las Vegas represents one of the most advanced realizations of this transition.
Featuring an exterior display composed of more than 1.2 million LEDs, a beamforming spatial audio
system, and AI-driven content synchronization, the Sphere functions as an AI-convergent immersive
environment that engages audiences on perceptual, cognitive, and emotional levels [5,6].

Such AI-convergent multimodal environments introduce a qualitatively new experiential structure
that differs from conventional media or interface interactions. In these settings, the audience is no
longer a passive recipient of content but an active participant who co-creates the experience through
continuous perceptual and affective exchange with intelligent systems. Consequently, sensory immer-
sion extends beyond visual spectacle to encompass multisensory engagement, emotional resonance,
and dynamic feedback loops between users and the environment.

These transformations underscore the need for systematic empirical investigation. While prior
research in HCI and immersive media has examined multimodal interaction at the device or interface
level, far less is understood about how audiences actually perceive, interpret, and emotionally
respond within large-scale AI-convergent environments. The experiential patterns that emerge in such
settings—and their extension into social participation online—remain underexplored, representing a
critical gap in understanding next-generation intelligent experiential systems.

Accordingly, this study conducts a data-driven multimodal analysis to explore audience expe-
riences within the Sphere, a representative AI-Convergent Immersive Environment. Specifically, the
study aims to (1) extract key experiential themes reflected in audience narratives, (2) analyze emotions
present in textual and visual data, and (3) examine how these experiential and emotional factors
influence public engagement metrics such as views, likes, and comments. Through this approach,
the study seeks to elucidate how audiences’ sensory and emotional responses are formed within AI-
Convergent Immersive Environments and how these experiences expand into social participation
within online spaces.

Ultimately, this research provides empirical insight into the experiential structure of next-
generation intelligent environments by integrating textual narratives, visual emotion signals, and
engagement behaviors. The findings contribute to understanding how AI-convergent environments
mediate human perception, emotion, and participation, offering practical implications for the design
of interactive experience spaces, cultural venues, and multisensory performance environments.

2 Review of Literature
2.1 Evolution of Immersive Experience Environments

Immersive experience environments have emerged as experience-centered spatial media enabled
by the advancement of multimedia and display technologies. Early immersive environments primarily
relied on visual stimuli to attract users’ attention. However, as technology advanced, multiple sensory
modalities—such as auditory, tactile, and olfactory—were integrated to create more realistic and
engaging experiences. More recently, the convergence of AI and multimodal sensing has enabled
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the realization of intelligent immersive environments that can perceive, analyze, and adapt to user
responses in real time. The initial exploration of multimodal interfaces can be traced back to the
“Put That There” demonstration [4], which combined voice and gesture commands to manipulate
graphical objects, demonstrating that cross-modal integration enhances both the naturalness and
efficiency of interaction. Building on this foundation, the QuickSet system extended this principle
to mobile and applied contexts by synchronizing speech and gesture inputs in both temporal and
semantic alignment to achieve automatic multimodal fusion [7,8]. Since the late 1990s, research has
expanded beyond visual–auditory interaction to include haptics, thereby deepening the immersive
experience. The combination of visual cues and haptic feedback in virtual environments has been
shown to refine users’ perception of distance, texture, and stiffness [9]. A pseudo-haptic feedback
mechanism using miniature vibration motors and tactile displays further demonstrated that touch
functions as a core element that enhances emotional and cognitive engagement rather than serving
merely as a supplementary sense [9]. It has also been argued that integrating other modalities with
visual stimuli amplifies the semantic meaning of interaction, and auditory information has been shown
to improve the predictability and consistency of material perception [9]. In sound-centered research,
spatial hearing has been emphasized as a crucial element in immersive experience design. Auditory
cues in virtual acoustic environments not only convey the direction of a sound source but also shape
the perceived depth and atmosphere of space [10]. Such auditory immersion complements visual-
centered experiences and reinforces spatial realism. Recent studies have also focused on integrating
olfactory modalities into immersive systems. Digital nature experiences incorporating olfactory stimuli
positively influence immersion, realism, relaxation, and stress reduction [11]. Other studies found
that VR environments augmented with scent promote psychological stability under high-anxiety
conditions [11]. Multisensory systems integrating visual, auditory, tactile, and olfactory modalities
have empirically confirmed that cross-modal interactions enhance holistic and affective immersion
beyond individual sensory experiences [11]. While these studies demonstrate substantial technological
progress, most have primarily emphasized system-level integration—focusing on sensors, displays,
and feedback mechanisms—rather than the qualitative dimensions of human experience, including
emotional, social, and cognitive engagement. To deepen the understanding of immersive environments,
particularly AI-convergent environments in which human perception and adaptive intelligent systems
co-create experience, future research must move beyond technological implementation and investigate
the experiential mechanisms that shape how audiences interpret, feel, and participate within these
environments.

2.2 Experience Research in Immersive Experience Environments
Recent technological innovations have fundamentally transformed how people perceive and

respond within immersive experience environments. Moving beyond traditional visually centered
and observational settings, contemporary immersive experiences increasingly integrate multisen-
sory and affective elements, enabling users to engage with environments in a more embodied and
emotionally involved manner. Large-scale media domes, virtual exhibitions, and interactive spatial
installations exemplify this shift by combining visual, auditory, and spatial stimuli to create a strong
sense of immersion. As immersive experience has gained importance across contemporary culture, art,
and spatial design, research interest has likewise expanded beyond technical implementation toward
understanding how users construct and experience meaning within immersive environments.

Within this research trajectory, a number of studies have examined user experience in extended-
reality (XR) and augmented-reality (AR) contexts. For example, Warsinke et al. [12] revealed that
in extended-reality (XR)-based immersive environments, user experience, presence, and emotional
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responses significantly affected behavioral intentions. Dağ et al. [13] showed that immersive expe-
rience and user engagement in AR-based environments significantly influenced user satisfaction
and participatory responses, highlighting the importance of sensory and affective dimensions in
immersive interactions. However, few empirical studies have directly examined how experiential factors
in immersive environments affect online engagement metrics—such as views, likes, and comments.
Therefore, this study explores how sensory and emotional experiences within AI-Convergent Immer-
sive Environments translate into audience engagement, conducting a data-driven analysis using the
Sphere as a representative case.

2.3 AI-Driven Multimodal Approaches to Understanding Experience
Understanding user experience within immersive environments has long been a challenge, as such

experiences are inherently subjective—shaped by individual perception, emotion, and interpretation.
However, the increasing availability of large-scale multimodal data has enabled researchers to analyze
how people collectively express, share, and interpret their sensory and emotional experiences in
technologically mediated spaces. While earlier studies of immersive experience primarily relied on
qualitative interviews or controlled experiments, advances in artificial intelligence (AI) and compu-
tational analytics now allow the extraction of emotional, cognitive, and behavioral patterns from vast
amounts of user-generated text and visual content.

Building on these developments, recent progress in AI and big data analytics has given rise
to AI-driven multimodal approaches for identifying meaningful patterns across large-scale textual,
visual, and behavioral datasets. By integrating natural language processing (NLP), computer vision,
and statistical modeling, these methods enable researchers to uncover emotional, cognitive, and
experiential structures that were previously difficult to observe through traditional methods [14].
From a sociological perspective, individuals continuously perform and present themselves within
their social environments—an idea that extends naturally to digital spaces, where users articulate
and stage their experiences through multimodal forms of communication. Accordingly, analyzing
user-generated content such as YouTube videos, comments, online reviews, and social media posts
provides valuable insights into how audiences describe, visualize, and evaluate their experiences within
immersive environments.

A growing body of research demonstrates the potential of AI-driven multimodal methods for
uncovering emotional and cognitive dimensions of experience. For instance, Ko [15] analyzed YouTube
comments to identify recurring affective themes and sentiment distributions, while Porreca et al. [16]
applied text mining and emotion analysis to explore shifts in public emotions in response to social
issues.

Building upon these emotion analysis studies, recent research has increasingly employed emotion
and engagement analyses to examine affective involvement in interactive and immersive systems.
Jeong et al. [17] found that emotional engagement significantly predicted user satisfaction in metaverse
environments, while Guzman et al. [18] demonstrated that the polarity of emotional tone in collabo-
rative online interactions influenced both motivation and usability. Moreover, integrating text mining
with quantitative modeling has enabled researchers to explore how experiential themes relate to behav-
ioral outcomes. Ahmed et al. [19] provided a comprehensive overview of emotion analysis across social
networks, emphasizing its value in predicting user behavior, while Gandhi et al. [20] demonstrated
how multimodal emotion analysis can link affective expressions with behavioral intentions. These
methodological integrations bridge qualitative meaning and quantitative measurement—revealing not
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only what users say about their experiences but also how these expressions connect to their intended
actions.

Despite these methodological advances, relatively few studies have examined immersive experience
environments using AI-driven multimodal techniques. Prior research has often focused on product
reviews, health communication, or online fandoms, offering limited understanding of large-scale,
multisensory media experiences. To address this gap, the present study integrates text mining, emotion
analysis, and visual emotion analytics to investigate how audiences collectively articulate their experi-
ences in AI-convergent immersive environments. Specifically, this study aims to bridge the gap between
qualitative audience expressions and quantitative behavioral indicators by analyzing The Sphere as a
case study, thereby revealing the relationships between experiential themes and behavioral engagement
within large-scale immersive media contexts.

3 Study Design

This study aimed to understand how people experience AI-Convergent Immersive Environments
and to explore their online responses to these experiences. As a representative example of this newly
emerging type of environment, the Sphere in Las Vegas was selected as the focal case for analyzing
user experience. To comprehensively examine how visitors’ experiences are expressed and expanded
into social engagement, the study employed a two-stage research design as illustrated in Fig. 1.

Figure 1: Overall research framework for the AI-driven analysis of user experience

Study 1 focused on identifying the key experiential themes and emotional tones expressed in
user-generated content related to the Sphere. Textual and visual data were collected from YouTube
videos, including both video transcripts (speech-to-text conversion) and video frames. After text pre-
processing, Correlation Explanation (CorEx) topic modeling was applied to extract major experiential
themes, while multimodal emotion analysis was performed using Text2Emotion (text-based) and
Facial Emotion Recognition (FER) (video-based) to capture affective responses. A qualitative review
was conducted to ensure that the computationally derived results accurately reflected the nuances of
visitors’ experiential narratives. Through this process, Study 1 explored the core themes and emotional
characteristics that define user experiences within the Sphere.

Study 2 aimed to determine how these experiential themes influenced audience engagement with
the Sphere. Public engagement metrics—including the number of views, likes, and comments—were
extracted from YouTube and used as dependent variables. A negative binomial regression analysis
was conducted to model the relationships between the experiential factors identified in Study 1 and
the engagement indicators. This approach sought to empirically reveal how sensory and emotional
experiences within AI-Convergent Immersive Environments translate into varying levels of online
engagement and collective audience response.
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3.1 Data Collection and Preparation
This study collected data from YouTube, one of the largest platforms for sharing travel-related

experiences and impressions. Using the keyword “Sphere Las Vegas experience,” search results were
retrieved. YouTube’s relevance-based ranking algorithm reflects multiple factors, including the match
between the search term and video titles, descriptions, and tags, as well as user engagement indicators
such as views, watch time, likes, and comments [21–23]. To minimize personalization effects during
data collection, a new YouTube account was created with no watch history, no regional preferences
applied, and the interface language set to English. All searches were performed while logged in to
this new account using YouTube’s default relevance-based sorting without additional filters. From
the top 300 search results, we conducted a screening process to exclude non-English videos, content
posted by news outlets or organizations, and animated material. To ensure the dataset captured genuine
visitor experiences, videos were retained only if individuals verbally described or reflected on their own
experiences at the Sphere.

Because YouTube’s ranking algorithm is dynamic and frequently updated—which may cause
search results to vary across users and time [24,25]—all data were collected within a single search
session. The top 300 results were recorded, and their URLs were captured as the basis for constructing
the dataset. All selected videos were downloaded using the yt-dlp library on 10 August 2024, to ensure
consistency in collection timing.

A total of 275 videos met the inclusion criteria. A data cleaning procedure was applied to the
extracted transcripts: sentences were converted to lowercase for standardization, and a manual review
was conducted to remove extraneous or unrelated content, such as background noise descriptions,
promotional remarks, or references to general Las Vegas information or local food.

The final dataset comprised 275 videos and 20,407 sentences. In addition, YouTube video
metrics—including the number of views, likes, comments, video length, and upload recency (days since
upload)—were collected to perform the subsequent negative binomial regression analysis.

3.2 Dataset Characteristics
Table 1 summarizes the descriptive statistics of the YouTube videos analyzed in this study. The

dataset shows substantial variability in both video duration and engagement levels, providing a
balanced representation of diverse visitor experiences. Engagement indicators—including the number
of views, likes, and comments—were later employed as dependent variables in the regression analysis
to examine how experiential themes influenced audience responses.

Table 1: Information of YouTube videos in our dataset

Mean S.D. Median Min Max

Duration of videos 11.01 6.93 9.18 4.02 47.82
Views 82,092.19 342,369.23 1392.0 3.0 3,569,082.0
Likes 1965.33 11,556.07 30.0 0.0 168,247.0
Comments 128.23 646.8 6.0 0.0 8900.0
Note: Duration is measured in minutes.
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4 Study 1: Identification of Key Themes and Dominant Emotions
4.1 Topic Modeling

To identify the dominant experiential themes expressed in audience narratives, this study employed
Correlated Explanation (CorEx) topic modeling, a semi-supervised method that discovers coherent
and interpretable latent structures by maximizing total correlation among word clusters [26]. Each
YouTube transcript was treated as a single document, and a document–term matrix was constructed
using CountVectorizer with the 2000 most frequent terms. Preprocessing included lowercasing,
removal of numbers and punctuation, filtering out tokens shorter than three characters, and applying
an expanded stopword list that excluded semantically uninformative words (e.g., function words,
prepositions, conjunctions, conversational fillers such as oh, uh, yeah, just), while retaining Sphere-
related technical terms (e.g., 4k, 8k, hdr, immersive, display).

Multiple theme solutions ranging from 6 to 12 clusters were trained and evaluated to identify
the most appropriate thematic structure. Following prior work highlighting c_v as a reliable indicator
of human-interpretable topic coherence [27], external c_v coherence was computed using Gensim’s
coherence model. The seven-theme solution produced the highest semantic coherence (c_v = 0.6389)
and demonstrated strong interpretability and stability across repeated runs; therefore, it was selected
as the final thematic structure [26].

Model training used an anchor strength of 3 and a random seed of 42. Semi-supervised theme
formation was supported through the use of anchor words [26]. Following theme extraction, a binary
coding rule was applied such that a theme was coded as present if at least one of its representa-
tive keywords appeared in a transcript, allowing each document to contain multiple experiential
themes. The final seven experiential themes identified were: Awe of the Display, Personalized Spatial
Audio Experience, Full-Body Sensory Engagement, Dynamic Visual Spectacle, Joyful Human–AI
Encounter, Futuristic Spatial Design Experience, and Transformative Event Environment.

Table 2 summarizes the frequency and proportion of each theme within the dataset. The most
dominant theme was Futuristic Spatial Design Experience, suggesting that the Sphere’s architectural
structure and spatial design were especially impactful in shaping audience responses.

Table 2: Key themes in textual transcripts of YouTube videos

Themes Frequency Percentage (%)

Awe of the display 1664 18.62
Personalized spatial audio experience 1154 12.91
Full-body sensory engagement 2336 26.04
Dynamic visual spectacle 806 9.02
Joyful human–AI encounter 2528 28.28
Futuristic spatial design experience 3385 37.88
Transformative event environment 681 7.62
Note: Themes may co-occur within a single transcript, so percentages reflect overlapping instances.

To further illustrate how each theme was expressed by users, Table 3 presents representative
keywords along with summaries of illustrative excerpts that capture how each experiential dimension
appeared in the transcripts.
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Table 3: Themes, representative keywords, and summaries of illustrative excerpts

# Themes Representative
keywords

Summary of illustrative excerpts

T01 Awe of the display Screen, technology,
display, resolution, led,
square, largest, exterior,
interior, wraparound

The transcripts consistently highlight the
overwhelming scale, clarity, and
brightness of the display, revealing that
visual grandeur is a central source of
astonishment.

T02 Personalized spatial
audio experience

Sound, audio, speakers,
beamforming, spatial,
acoustic, surround,
seat, beam, directly

Mentions of location-specific sound and
beamforming effects indicate that
listeners perceived the audio system as
delivering individualized, precisely
targeted auditory experiences.

T03 Full-body sensory
engagement

Experience,
multisensory,
immersive, haptic,
vibrations, smell, wind,
touch, feel

Descriptions of wind, vibration,
temperature shifts, and other bodily
sensations suggest that multi-sensory
stimulation plays a key role in shaping
immersive responses.

T04 Dynamic visual
spectacle

Video, visual, content,
motion, animation,
filmmakers, graphics

Frequent references to shifting colors,
animations, and motion effects show that
constant visual transformation
contributes strongly to the sense of visual
excitement.

T05 Joyful human–AI
encounter

Interactive, avatar,
robots, feedback, aura,
people

Interactions with AI avatars—such as
conversational exchanges or playful
responses—are portrayed as enjoyable
moments that evoke curiosity and a sense
of novelty.

T06 Futuristic spatial
design experience

Structure, design,
innovation,
architectural,
architecture, spherical,
unique

Observations of spherical architecture,
lighting structures, and futuristic interior
design indicate that the physical
environment evokes a strong sense of
entering a future world.

T07 Transformative event
environment

Venue, space, events,
seating, concerts,
flexible, layout

Accounts of concerts and events describe
how the venue visually and acoustically
transforms into entirely new settings,
emphasizing its capacity to create
different experiential worlds.

4.2 Sentiment Analysis
To explore the affective dimensions embedded in visitors’ experiential narratives, this study con-

ducted a dual sentiment analysis that integrated both textual and visual modalities. This multimodal
approach enables a more comprehensive understanding of emotional responses by capturing both
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linguistic expressions and non-verbal cues. Because the YouTube videos used in this study were
individually uploaded by users and therefore varied widely in filming conditions and quality—leading
to issues such as missing frames, failed face detection, and poor lighting—we adopted an analysis
strategy focused on averaging emotion estimates at the video level. This approach allowed us to
derive the overall affective tendencies toward the Sphere while minimizing noise and inconsistencies
introduced by heterogeneous video quality.

4.2.1 Textual Sentiment Analysis

The textual sentiment analysis was performed using the Text2Emotion algorithm, which detects
five primary emotional categories—Happy, Sad, Angry, Fear, and Surprise—from natural language
input [28,29]. The algorithm produces continuous probability scores between 0 and 1 for each
emotional category by analyzing keywords, linguistic patterns, and contextual cues within the text.
Rather than assigning a single dominant emotion to each sentence, all probability values were retained
to construct emotion profiles at the video level. For each video transcript, emotion probabilities across
all sentences were summed and subsequently normalized to derive the proportional contribution
of each emotion to the overall affective composition. Standard deviations were also calculated to
assess intra-video variability in emotional expression. This proportion-based aggregation approach
provides a more stable representation of affective tendencies by reducing noise inherent in sentence-
level fluctuations and capturing the broader emotional tone conveyed throughout the narrative.

Text2Emotion operates on a lexicon-driven classification mechanism, which makes its outputs
sensitive to word-level associations and less capable of capturing nuanced, context-dependent, or
multi-layered emotional states. Consequently, the resulting sentiment proportions should be con-
sidered approximations of affective tendencies rather than precise reflections of complex emotional
expression. These aggregated emotion proportions are presented in Table 4 and were subsequently
compared with video-based emotion estimates to support a multimodal interpretation of affective
responses to the Sphere.

Table 4: Average emotional proportions derived from text and video analyses

Textual narrative Videos

Mean SD Mean SD

Happy 15.4 7.5 25.8 9.1
Angry 5.3 3.9 17 5.6
Surprise 19.4 6 4.5 3
Sad 17.6 6.7 24.5 7.8
Fear 42.3 11.4 10.2 3.7
Note: Values represent mean percentages (%) and standard deviations (SD) of normalized emotion
proportions derived separately from text transcriptions and video-based visual analyses.

4.2.2 Visual Sentiment Analysis

Since textual analysis alone cannot fully capture non-verbal affective expressions, a visual
sentiment analysis was conducted to examine emotions conveyed through facial expressions. The
DeepFace framework—integrating multiple state-of-the-art back-end architectures such as VGG-
Face, FaceNet, OpenFace, DeepID, Dlib, and ArcFace—was employed due to its demonstrated
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accuracy and generalizability in facial recognition and emotion detection tasks [30,31]. DeepFace
was selected in particular because it has been widely validated in recent facial expression recognition
studies, including work improving performance on challenging datasets such as FER-2013 [32].
Moreover, advancements in FER systems developed in complex AI- and XR-based environments
[33] indicate that deep learning–based emotion recognition remains robust under less controlled
conditions, supporting its applicability to user-generated YouTube videos.

To incorporate the temporal structure of spoken content into the visual analysis, transcript-based
timestamped segments were synchronized with the video timeline. Subsequently, frames were sampled
at 5-s intervals to capture the video’s overall emotional distribution, reflecting the study’s aim of
characterizing aggregate affective tendencies. Emotion analysis was conducted only when DeepFace
successfully detected a face. When multiple faces were present, the largest detected face—presumed
to represent the primary speaker or focal subject—was selected, while background faces and non-
human detections were excluded. Frames in which no valid face could be detected due to poor lighting,
motion blur, occlusion, or extreme head pose were omitted to avoid distorting the aggregated affective
estimates. Videos with fewer than three valid frames were excluded because reliable emotion inference
was not feasible under such conditions.

For all valid frames, DeepFace’s emotion recognition module detected facial landmarks and
extracted expression-based features, classifying each frame into one of five core emotions (Happy,
Sad, Angry, Fear, Surprise). Emotion proportions were then averaged at the video level, yielding an
overall representation of each video’s affective tendencies.

Fig. 2 illustrates the overall distribution of emotions across the two modalities. While the text-
and video-based sentiment analyses exhibit generally similar structural patterns, the most notable
divergence appears in the Fear category. Textual narratives show a substantially higher proportion
of Fear, whereas video analysis reveals relatively higher proportions of Happy and Sad. This suggests
that the two modalities capture different emotional perspectives of the same experiential context.

Figure 2: Comparative visualization of cross-modal emotion analyses. (a) Comparative distribution of
emotions derived from textual and visual analyses; (b) Cross-modal correlation between mean emotion
proportions

To quantitatively assess the degree of alignment between modalities, three cross-modal similarity
metrics were calculated: Root Mean Square Error (RMSE = 0.175), Pearson Correlation (–0.419), and
Cosine Similarity (0.669). These results indicate an average proportional difference of approximately
±17.5% between emotion distributions, a weak inverse correlation, and a moderate level of structural
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similarity. Therefore, text- and video-based sentiment analyses should be utilized complementarily to
achieve a more precise and multidimensional interpretation of audience emotions within multimodal
affective analysis.

5 Study 2: Understanding How YouTube Content Influences Public Engagement Metrics

To examine how distinct experiential themes identified from YouTube video content relate to
public engagement, a negative binomial regression analysis was conducted on three engagement
metrics: view counts, likes, and comments. These dependent variables displayed the heavy-tailed
distribution typical of user-generated content, in which a small subset of videos accumulates a
disproportionately large share of engagement.

Across all three engagement metrics, the variance substantially exceeded the mean, revealing
the heavy-tailed and strongly overdispersed nature of user-generated video data. Pearson-based
diagnostics further confirmed violation of the equidispersion assumption, thereby justifying the
adoption of negative binomial regression instead of a Poisson model [34,35]. To evaluate potential
multicollinearity, Variance Inflation Factors (VIFs) were calculated, with all values falling between
1.08 and 1.80—well below the conventional threshold of 5.

To mitigate omitted-variable bias, two structural video characteristics were included as controls:
video length and upload recency (days since upload). Video duration had a significant positive
association with all engagement metrics, suggesting that longer videos may offer richer experiential
content that sustains audience attention. Including upload recency helped adjust for differences in
exposure time among videos.

Theme indicators were generated using a sentence-level, keyword-driven classification threshold.
A theme was coded as present (1) if any sentence in a transcript contained its representative keywords;
otherwise, it was coded as absent (0). The seven experiential themes included Awe of the Display (T01),
Personalized Spatial Audio Experience (T02), Full-Body Sensory Engagement (T03), Dynamic Visual
Spectacle (T04), Joyful Human–AI Encounter (T05), Futuristic Spatial Design Experience (T06), and
Transformative Event Environment (T07).

Table 5 presents the regression coefficients (B), standard errors (SE), z-values, p-values, and
95% confidence intervals (CI). Because the negative binomial model uses a log-link function, each
coefficient indicates the expected change in the logarithm of the engagement metric when a given
theme is present.

The regression results revealed several noteworthy associations between experiential themes and
public engagement metrics. Awe of the Display (T01) exhibited strong positive relationships across all
three outcomes. Videos highlighting the Sphere’s overwhelming display features generated significantly
higher engagement—specifically, approximately 8.0 times more views, 4.7 times more likes, and 4.3
times more comments, as indicated by the positive coefficients for views (B = 2.079, p < 0.001), likes
(B = 1.551, p < 0.001), and comments (B = 1.457, p < 0.001).

A similarly robust pattern was observed for Dynamic Visual Spectacle (T04). Videos emphasizing
dynamic, motion-rich visual content were associated with substantial increases in engagement, corre-
sponding to approximately 5.0 times more views, 13.6 times more likes, and 8.1 times more comments
(views: B = 1.599, p < 0.001; likes: B = 2.606, p < 0.001; comments: B = 2.089, p < 0.001).
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Joyful Human–AI Encounter (T05) demonstrated significant positive relationships across all
three engagement metrics. Videos featuring interactive human–AI exchanges were associated with
approximately 5.3 times more views, 3.2 times more likes, and 5.0 times more comments, as indicated
by the positive coefficients for views (B = 1.667, p < 0.001), likes (B = 1.169, p = 0.007), and comments
(B = 1.602, p < 0.001).

Although Transformative Event Environment (T07) produced positive coefficients across all three
models, these estimates did not reach statistical significance (views: B = 0.357, p = 0.097; likes:
B = 0.342, p = 0.113; comments: B = 0.268, p = 0.224). Exponentiated coefficients suggested modest
increases (1.31–1.43×), but these effects should be interpreted cautiously given the lack of significance.

In contrast, Personalized Spatial Audio Experience (T02) was consistently associated with sig-
nificantly lower engagement. Negative coefficients for views (B = −2.476, p < 0.001), likes (B =
−2.762, p < 0.001), and comments (B = −2.394, p < 0.001) indicated sharp decreases in all metrics.
Exponentiation showed that videos emphasizing spatial audio characteristics received only 8.4% of
the views, 6.3% of the likes, and 9.1% of the comments obtained by videos that did not mention such
auditory features. These substantial reductions may reflect the comparatively lower visual immediacy
or limited accessibility of audio-centric descriptions for general audiences.

6 Discussion

This study analyzed a unique dataset of 275 user-generated videos documenting individual
experiences within AI-Convergent Immersive Environments, specifically focusing on the Sphere.
Together, these videos contained 3026.78 min of footage and collectively accumulated 24,213,008
views, 577,788 likes, and 37,520 comments, demonstrating the strong public interest and engagement
that AI-driven multisensory environments can evoke in digital spaces.

In Study 1, an integrated text- and vision-based analytical framework was developed to identify
the key experiential themes and affective patterns emerging from users’ narratives. This multimodal
analysis revealed how emotional and perceptual responses are distributed within technologically
mediated environments that merge large-scale visual displays, spatialized sound, and interactive AI
systems. Through text mining, we identified the most salient experiential themes. The most prominent
was the Futuristic Spatial Design Experience, where users described the Sphere’s large-scale LED
architecture as an entrance into an extraordinary and futuristic domain. The Joyful Human–AI
Encounter theme reflected users’ fascination with human-like AI agents such as the humanoid robot
Aura, which elicited reactions of surprise and amusement. Rather than forming emotional attachment,
users expressed admiration for the system’s human-like responsiveness, highlighting their cognitive
curiosity toward AI’s representational naturalness. Additionally, the Full-Body Sensory Engagement
theme captured how visitors articulated embodied immersion—describing how light, sound, vibration,
and spatial dynamics coalesced into a physically encompassing sensory experience. These findings
collectively underscore that the sense of presence within AI-Convergent Immersive Environments
arises from multimodal integration that transforms perception into embodied engagement.

The emotion analysis indicates that users’ affective expressions can differ substantially across
textual and visual modalities. While text-based sentiment detection classified Fear (42.3%) and
Surprise (19.4%) as dominant categories, video-based facial expression analysis identified Happiness
(25.8%) and Sadness (24.5%) as comparatively prominent. These divergences suggest that each
modality captures distinct types of emotional cues. Importantly, the high proportion of “fear” detected
in textual narratives should not be interpreted as evidence of genuine fear. Rather, it may reflect a
tendency of the classifier to map expressions associated with awe, wonder, or overwhelming sensory
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intensity onto the “fear” category. This interpretation remains tentative and should be understood
as a classifier-related explanation rather than a definitive psychological conclusion, highlighting how
lexical and contextual limitations in text-based models may shape outputs. Accordingly, the textual
and visual results are best viewed as complementary yet methodologically distinct signals, each offering
only a partial perspective on users’ affective responses within immersive environments.

This combined big-data approach demonstrates the methodological potential of computational
multimodal analysis in user experience research. By analyzing a large corpus of naturalistic user
expressions, the study overcomes the sample-size and ecological validity limitations of traditional
laboratory-based presence studies. Moreover, the fusion of text mining with vision-based emotion
analysis offers an advanced methodological pathway for quantifying affective engagement in AI-
Convergent Immersive Environments.

In Study 2, negative binomial regression analysis was employed to examine how distinct experi-
ential themes relate to public engagement metrics, including views, likes, and comments. The results
(Fig. 3) showed that Awe of the Display and Dynamic Visual Spectacle exerted strong and statistically
significant positive effects across all engagement indicators. Transformative Event Environment
also exhibited positive associations, although these effects did not reach conventional significance
thresholds.

These findings suggest that, even within multimodal environments, visually dominant experiences
remain the primary drivers of public attention and interaction. Linguistic evidence from the transcripts
reinforces this pattern: users frequently described their experiences in terms of light, color, motion,
scale, and spatial transformation, reflecting perceptual immersion and sensory astonishment. The
visual dimension of AI-Convergent Immersive Environments thus functions simultaneously as an
informational and emotional interface, converting large-scale digital displays into embodied experi-
ences that evoke fascination and technological awe.

The Joyful Human–AI Encounter theme showed significant positive associations with views, likes,
and comments. However, the effects were more pronounced for views and comments than for likes,
suggesting that AI-enabled interactions may primarily draw attention and stimulate conversational
engagement rather than eliciting strong affective endorsement. This interpretation remains tentative,
as the regression model does not directly capture users’ psychological states; nevertheless, it aligns
with descriptive observations that users often responded to AI agents with curiosity about their
technological novelty.

In contrast, Personalized Spatial Audio Experience demonstrated strong negative associations
across all engagement metrics. Although many users described the Sphere’s beamforming and spatial-
ized audio system as technically impressive, these auditory effects may be less effectively communicated
through visually oriented online media. As a result, audio-focused descriptions—while central to the
in-situ experience—appear less likely to contribute to online engagement.

Overall, these findings indicate that public engagement with AI-Convergent Immersive Environ-
ments is predominantly shaped by visually perceivable and emotionally salient cues, whereas non-
visual modalities such as spatial audio may be underrepresented in digital communication. The results
underscore the value of multimodal analytical frameworks capable of capturing how technological
affordances, sensory integration, and affective perception jointly structure user experience and engage-
ment in AI-driven media environments.
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Figure 3: Relationships between experiential themes and engagement metrics. (a) Negative binomial
regression coefficients by theme and engagement metric (heatmap); (b) Regression coefficients for
Views with 95% confidence intervals (coefficient plot). Note. Panel (a) presents the regression coeffi-
cients (B) for each experiential theme across the three engagement metrics (Views, Likes, Comments).
Panel (b) visualizes the coefficients for Views with their 95% confidence intervals, highlighting the
direction and significance of each theme’s effect

7 Conclusion

This study examined the newly emerging experiential environment of the Sphere, expanding the
understanding of user experience within AI-Convergent Immersive Environments through the analysis
of real visitor-generated content. By integrating text mining and emotion analysis of visual and
auditory content, this study extracted the underlying themes and emotional tendencies embedded
in the videos. Through this process, it revealed not only the narratives expressed by visitors but
also the latent emotions, perceptions, and invisible affective contexts conveyed in the audiovisual
materials. Furthermore, by empirically analyzing the relationships between the thematic content of
videos and viewer engagement (views, likes, and comments), the study contributed to understanding
the mechanisms of emotional response and audience participation within the YouTube platform.
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These findings provided empirical evidence of which experiential themes attracted public attention
and which core themes stimulated online engagement, offering a practical analytical foundation for
the design and development of AI-Convergent Immersive Experience Environments in the future.

The theoretical and empirical contributions of this study are fourfold. First, this work advances
experience research by examining AI-Convergent Immersive Environments at a naturalistic scale
using large volumes of user-generated content. Unlike traditional survey-based approaches that rely
on prestructured items and cognitively framed responses, this study utilizes organically produced
YouTube videos, allowing direct observation of how experiences are expressed, interpreted, and cir-
culated in real-world contexts. Second, the study proposes an integrated multimodal analysis pipeline
that combines text mining, linguistic emotion detection, visual affect recognition, and engagement
modeling. This pipeline demonstrates how heterogeneous data streams can be systematically synthe-
sized to reveal latent experiential patterns that are not observable through single-modality methods.
Third, the findings highlight the visual dominance of immersive experiences. Across modalities and
analyses, visually salient themes—such as display awe and dynamic visual spectacle—emerged as the
strongest predictors of public engagement. This empirical evidence refines theoretical understanding of
how sensory hierarchies operate within AI-driven immersive environments. Fourth, by modeling how
experiential themes influence views, likes, and comments, the conceptualizes online engagement as a
broader participation ecosystem. This approach illustrates how individual perceptual responses can
scale into collective attention, interpretive momentum, and social resonance within digital platforms.

Despite its contributions, this study has several limitations. First, because the dataset was
constructed using YouTube’s relevance-based ranking algorithm, the collected videos may be dispro-
portionately biased toward high-visibility, English-language content. As a result, videos with lower
algorithmic visibility or those reflecting region-specific linguistic and cultural variations may be under-
represented, thereby limiting the inclusiveness and representativeness of the dataset. Accordingly, the
findings may not fully represent the experiences of the entire population of Sphere visitors, particularly
those whose perspectives are shaped by regional, linguistic, or cultural differences that are less visible
in algorithmically ranked content. This limitation should be taken into account when interpreting
the generalizability of the result. Second, the emotion analysis relied on five basic affective categories,
which may not fully capture the complex, multi-layered emotional states typically elicited in large-scale
immersive environments—such as awe, sublimity, or overwhelming sensory intensity. Consequently,
the emotion outcomes should be interpreted as approximations that reflect only a portion of the
broader affective spectrum. Third, visual sentiment analysis was feasible only in segments where a
face could be reliably detected, making it difficult to represent the full emotional nuance embedded
throughout the entire narrative sequence of each video. Accordingly, the visual emotion estimates
in this study should be understood as exploratory, video-level indicators rather than precise frame-
aligned mappings. Lastly, the elevated proportion of “fear” in textual sentiment outputs should not
be interpreted as conclusive evidence of negative emotional dominance. Rather, it may indicate that
the classifier conflated awe-related, high-arousal positive emotions—such as wonder, astonishment,
or sensory overwhelm—with the fear category, reflecting known lexical and contextual limitations of
existing text-based models. This interpretation is therefore tentative and should be approached with
caution.

Future research incorporating qualitative validation, expanded affective taxonomies, and more
advanced emotion classification models may help distinguish awe-driven responses from genuinely
negative affect with greater precision.
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