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Abstract

Digital and intelligent media technologies are fundamentally reshaping the land-
scape of international communication. This study examines the multimodal emotional
communication mechanisms and efficacy of immersive live streaming through a case
analysis of American influencer IShowSpeed’s “China tour” broadcasts on Bilibili.
Using network analysis to map user interactions, sentiment analysis to measure emo-
tional responses, and epidemiological modeling to track emotion spread, this study
investigates how emotions operate and spread in cross-cultural digital environments.
Our findings reveal three interconnected mechanisms: (1) algorithm-driven decentral-
ized network structures that facilitate rapid information diffusion, (2) multimodal sen-
sory cues triggering high-arousal positive emotions, and (3) emotion-similarity-based
multilevel contagion pathways enabling cascading effects. These mechanisms
collectively constitute a nonlinear, affect-first communication paradigm that effectively
orchestrates immersive experiences and emotional resonance across cultural bound-
aries, generating positive cascading effects among diverse audiences. This research
contributes to the theorization of digital international communication by proposing

an exploratory “algorithm-infrastructure, emotion-pathway, identification-outcome”
framework derived from a single-case mechanism analysis, and by offering empirical
insight into how cross-cultural engagement is shaped through the interaction of affec-
tive communication and platform dynamics.

Introduction

The proliferation of digital and intelligent media technologies has inaugurated a new
paradigm in international communication characterized by platformization and algo-
rithmization. Unlike traditional media’s unidirectional, linear broadcasting model, intel-
ligent social platforms leverage real-time interactivity, algorithmic recommendation
systems, and participatory architectures to fundamentally reconfigure communication
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ecologies and expand possibilities for cross-cultural engagement [1]. Within this
evolving landscape, influencer-driven live streaming has emerged as a paradigmatic
digital-native communication format, distinguished by immersive experiential quali-
ties, algorithmic content curation, and potent affective contagion dynamics.

The case of American top-tier influencer IShowSpeed (Darren Watkins Jr.) pro-
vides a compelling empirical context. Between March 24 and April 3, 2025, his “China
Tour” live streaming series documented immersive cultural experiences across eight
Chinese cities—including iconic activities such as climbing the Great Wall, practicing
martial arts at Shaolin Temple, and sampling regional cuisines (like Dou Zhi, hot pot).
Through first-person perspective broadcasting, the series generated substantial digi-
tal engagement with individual episodes exceeding 5 million views. The communica-
tive impact garnered institutional recognition, with the Chinese Embassy in the United
States acknowledging the streams’ capacity to “bridge cultural divides and create
novel channels for global audiences to engage with authentic China.”

Despite growing scholarly attention to international communication and national
image construction, existing research predominantly focuses on traditional media
frameworks or official discourse analyses. The intrinsic communication mechanisms
and efficacy of algorithm-driven, multimodal, affect-centered influencer live stream-
ing remain under-explored through systematic empirical investigation. This study
addresses this gap by examining IShowSpeed’s China tour as a case study and
investigating how immersive live streaming mobilizes multimodal emotional communi-
cation to facilitate cross-cultural identification in a specific platform-mediated context,
thereby offering a mechanism-oriented account of international communication in the
digital-intelligent era.

Literature review
Immersive communication as a cross-cultural interface

Research on immersive communication provides critical conceptual foundations for
understanding how streamers such as IShowSpeed cultivate emotionally resonant
environments for global audiences. At the modality level, social presence research
highlights interactivity, the availability of multimodal nonverbal cues, and the per-
ceived immediacy and authenticity of communication [2]. These modalities, when
embedded in real-time live streaming, foster a vivid sense of co-presence. Empirical
evidence based on survey data from 515 Chinese users further suggests that higher
levels of perceived network social presence significantly enhance viewers’ willingness
to extend emotional social support [3].

At the content level, the focus of cross-cultural communication has shifted from
solely transmitting informational content to addressing users’ experiential demands in
the era of digital intelligence. Scholars argue that emotional resonance, contextual-
ized storytelling, and participatory interaction reduce cultural distance and strengthen
users’ immersion within digital environments [4]. In this study, emotional resonance
refers to a process through which viewers move beyond cognitive understanding and
experience affective alignment with the streamer, the place, or other viewers through
synchronized cues such as tone, facial expression, gesture, pace, and comment
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interaction. This term is used to capture how live, multimodal communication makes unfamiliar cultural content feel emo-
tionally immediate and socially approachable, rather than merely liked or approved.

In parallel, the notion of “platform cosmopolitanism” positions digital platforms as active agents in shaping how Genera-
tion Z perceives and negotiates cultural difference [5]. As used here, platform cosmopolitanism refers to a platform-shaped
disposition through which users repeatedly encounter and learn to navigate cultural difference in everyday digital environ-
ments. In this sense, digital platforms do not simply host intercultural contact; they structure the terms under which such
contact becomes visible, emotionally salient, and socially discussable. For younger users in particular, this means that cul-
tural difference is often encountered not through formal diplomacy or legacy media, but through algorithmically surfaced,
creator-led, everyday performances of place, food, humor, and interaction. This is precisely why livestreaming deserves
closer attention: it offers a high-frequency, low-threshold route through which cultural unfamiliarity can be recoded as
experiential proximity.

At the actor level, the rise of grassroots digital creators has transformed the ecology of international communication.

Li Wei [6] identifies three major categories of grassroots influencers—state-cultivated key opinion leader (KOL) stream-
ers, lifestyle-based cultural tourism creators (e.g., Li Ziqi), and foreign vloggers (e.g., The Barrett Family). These creators
deploy everyday cultural expression to attract substantial global audiences, reshaping perceptions of China through per-
sonalized, relatable narratives [7]. However, existing scholarship is predominantly descriptive and has yet to theorize how
immersive live streaming, underpinned by intelligent technologies, constructs cross-cultural experiences through micro-
level affective and communicative processes.

Multimodal emotion dynamics in digital communication

Emotional communication constitutes a key mechanism through which immersive live streaming exerts cross-cultural
influence. At the dynamic level, digital intelligence platforms intensify and accelerate emotional contagion. Lu and Hong [8]
identify seven determinants—deindividuation, risk perception, group identity, group efficacy, event stimulation, event pub-
licity, and emotional contagion itself—that collectively structure how online emotions spread. Complementing this perspec-
tive, Chu et al. [9] demonstrate through their emotion-based post—susceptible—comment-removed (PSCR) model that
emotion types shape contagion trajectories: on social media, negatively charged expressions and the interaction patterns
surrounding them may in some cases persist longer and diffuse more rapidly than positive ones. Here, the claim concerns
the circulation of emotionally marked communication in online networks rather than the direct transmission of internal psy-
chological states. In the present study, emotion is operationalized through lexicon-based sentiment annotation combined
with Valence-Arousal-Dominance (VAD) scoring, while propagation is examined through comment-reply network structure
and SIS-based contagion modeling.

At the effects level, classical frameworks in affective science offer analytical tools for understanding emotion process-
ing in digital environments. The circumplex model conceptualizes emotions along valence and arousal dimensions [10],
and has been widely adopted for computational emotion measurement. Plutchik’s eight-emotion taxonomy, operation-
alized in tools such as PyPlutchik, provides structured approaches for annotating emotional content in text corpora [11].
Despite these advances, existing research overwhelmingly isolates individual emotional modalities—text, facial expres-
sions, or audio cues—without addressing how multimodal emotional synergy (e.g., synchronized verbal tone, visual cues,
and on-screen interactions) influences cross-cultural reception, identification, or affective alignment in immersive live
streaming.

Algorithmic visibility and the reconfiguration of communication structures

The structuring role of algorithms has generated fundamental changes in global communication. Traditional communi-
cation structure research—often based on analyses of platforms such as Weibo, Twitter, and WeChat—has primarily
examined network topology, relational restructuring, and opinion diffusion [12]. Yet with the deep integration of intelligent

PLOS One | https://doi.org/10.1371/journal.pone.0349436 May 28, 2026 3/28




PLO\Sﬁ\\.- One

algorithms, visibility no longer hinges primarily on interpersonal networks. Instead, algorithmic systems selectively activate
massive potential connections, transforming users from “networked publics” into “clustered publics” formed through contin-
uous computation, interest-based segmentation, and behavioral patterning.

At the mechanism level, platforms such as TikTok operationalize recommendation algorithms through multidimensional
metrics including completion rate, dwell time, and interaction frequency, thereby enabling fine-grained content distribution
[13]. Importantly, these engagement-sensitive metrics are closely tied to affective response: content that elicits stron-
ger emotional reaction is more likely to trigger watching, commenting, sharing, and repeated exposure, which in turn
increases its algorithmic visibility. In this sense, algorithms do not merely distribute content; they also condition which
emotional expressions become salient, amplified, and socially consequential within platformized communication. This
mechanism yields a dual effect: algorithmic recommendations expand cross-circle dissemination by weakening social-
graph constraints, but simultaneously intensify filter bubbles and echo chambers by reinforcing existing preferences, thus
narrowing cognitive horizons. As a result, algorithms have evolved from neutral tools into agentic socio-technical forces
that actively shape digital public life. Through differentiated allocation of visibility resources, they reconfigure power rela-
tions within platformized communication ecosystems [14].

Research gaps

Although prior scholarship has generated valuable insights into immersive communication, digital emotion dynamics, and
algorithmic visibility, these strands of research remain insufficiently integrated in explaining cross-cultural livestreaming
as a platform-mediated communicative process. Three specific gaps are especially decisive for the present case. First,
network structure, emotional expression, and diffusion pathways are often studied separately, which limits our ability to
explain how platform architecture, affective cues, and user interaction work together in immersive livestreaming. Second,
the micro-mechanisms linking multimodal stimulation to emotional uptake and subsequent circulation remain under-
specified; prior studies typically describe platform affordances or emotional outcomes, but do not show how they become
connected in live, highly interactive settings. Third, and most importantly, the cultural dimension remains undertheorized.
Cross-cultural communication unfolds through culturally conditioned norms of emotional display, impression management,
politeness, and the public acceptability of emotional expression. In platform comment spaces, these norms interact with
local community expectations and algorithmic incentives that reward visible engagement. Accordingly, this study does
not treat culture as a decorative backdrop, but examines how culturally inflected emotional expression becomes publicly
visible, interactionally sustainable, and algorithmically amplifiable in a specific platform environment.

To address these gaps, this study asks three related questions: (1) What interaction structures does immersive lives-
treaming generate among users in a platformized communication environment? (2) How do emotions expressed in immer-
sive livestreaming comment networks propagate in terms of distribution, intensity, and transmission pathways? (3) How do
these interactional and affective processes contribute to cross-cultural communicative effects in the context of immersive
livestreaming?

Research content and methods

Our analytical approach combines three complementary methods in a triangulation design in which each method contrib-
utes distinct evidence while also cross-validating the others. First, social network analysis (SNA) maps the structural topol-
ogy of user interactions, establishing the relational infrastructure through which emotions may travel. Second, sentiment
analysis assigns affective attributes to comments within that structure. Third, the epidemiological SIS (Susceptible-
Infected-Susceptible) contagion model integrates both structural and affective data to estimate how emotional expres-
sions may propagate across the network—its inputs depend on both the network edges identified by SNA and the VAD
scores generated by the sentiment pipeline. In this design, the three methods are not parallel add-ons but analytically
interdependent: network structure constrains possible pathways of contagion, sentiment annotation provides the affective
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content of those pathways, and the contagion model tests how both features work together in transmission. Each method
is explained in detail below.

Data collection and preprocessing

Using Python web scraping technology, we collected user interaction data from the “IShowSpeed’s China Tour” video
series on the Bilibili platform. It is important to distinguish between two temporal dimensions in this study:

(1) Event timeframe: IShowSpeed’s physical tour in China occurred from March 24 to April 3, 2025, during which he live-
streamed immersive cultural experiences across eight Chinese cities (as detailed in the Introduction).

(2) Data collection timeframe: Comment data was collected from March 24 to October 2, 2025—a deliberate six-month
window designed to capture not only real-time audience responses during the live streams, but also subsequent
discussions, delayed reactions, and secondary dissemination effects that continued long after the tour concluded.
This extended collection period is methodologically justified for cross-cultural communication research, as audience
engagement with viral content often extends well beyond initial viewing moments through algorithmic recommenda-
tions, social sharing, and retrospective commentary.

The dataset used in this study comprises user comment data collected from Bilibili, a major Chinese video-sharing plat-
form. Specifically, comments were gathered from livestreaming videos associated with American influencer IShowSpeed’s
“China tour” series. Each comment record includes 18 variables: comment content, timestamp, username, user ID, user
profile page URL, gender, avatar URL, user level, number of likes, video ID, video URL, parent comment ID, comment
type (first-level or second-level), reply status, replied user, extracted discussion topics, and emotion labels. To protect user
privacy, personally identifiable fields (user ID, user profile page URL, and avatar URL) were anonymized or replaced with
non-identifiable values in the publicly deposited dataset. All data were collected exclusively from publicly available content
on the Bilibili platform, and the collection and analysis methods complied with the platform’s terms of service. As the data
consist of publicly posted user comments visible to all internet users without any access restrictions, no ethics approval
was required. The anonymized dataset, including network adjacency matrices, sentiment scores, and computational
scripts, is publicly available at ResearchGate: https://doi.org/10.13140/RG.2.2.16654.22082.

The collected data encompassed primary and secondary comment content, likes, and reposts. To comprehensively
reconstruct the content dissemination structure in an authentic and multifaceted manner, the dataset covers all eight vid-
eos within the “IShowSpeed’s China Tour” compilation: “Shanghai: The Magic Metropolis”, “Beijing: The Capital”, “Shaolin
Temple: Henan Journey”, “Chengdu: Land of Abundance”, “Chongqing: Rise Up!”, “Hong Kong”, “Shenzhen”, and “Chang-
sha: City of Stars”. The total live-stream duration amounted to approximately six hours.

After deduplication, the final dataset comprises 1,992 comments from 1,639 unique users, accumulating 103,945 likes.
Data fields include comment text, user identifiers (anonymized), timestamps, like counts, and reply relationships. Data
preprocessing involved three steps: First, we extracted user interaction structures from reply relationships. Second, we
cleaned the text by removing non-semantic elements such as URLs and special characters while preserving emotive
punctuation and emojis. Third, Chinese word segmentation was performed using the jieba library, which employs a hybrid
architecture combining a prefix dictionary-based approach with a Hidden Markov Model (HMM) for out-of-vocabulary word
recognition. To further address the domain-specific challenges of internet slang and cross-cultural neologisms — terms that
are particularly prone to segmentation errors under purely lexicon-based methods — a custom dictionary was compiled
incorporating expressions frequently observed in the dataset (e.g., electronic pickles, Wuhu takes off, YYDS, tough to
handle, ABC, hyped up, mind-blowing, adrenaline rush). This hybrid strategy mitigates the primary limitation of purely
lexicon-dependent segmentation by enabling probabilistic inference for novel or ambiguous terms not captured in the
base dictionary, while the curated supplement ensures accurate tokenization of community-specific language that even
statistical models may fail to recognize without domain guidance.
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While the dataset comprises 1,992 comments—a modest scale by big-data standards—this study deliberately adopts
an exploratory mechanism-modeling design focused on mechanistic depth and process tracing rather than broad statis-
tical generalization. The analytical value lies not merely in comment volume, but in the richly interconnected network struc-
ture: 1,639 unique users, 536 direct interaction edges, and 2,487 emotional contagion pathways. This multidimensional
relational network provides sufficient data density for robust analysis of network topology, emotional transmission mecha-
nisms, and cross-cultural engagement patterns. The sample size exceeds conventional thresholds for statistical analysis
of sentiment distributions and network properties. All comment excerpts quoted in the manuscript are translated from the
original Chinese and anonymized for reporting purposes.

Social network construction

To improve accessibility for readers outside computational social science, several key terms are defined here in intuitive
rather than purely technical language. In this study, “algorithmic amplification” refers to the recommendation logic through
which platforms increase the visibility of content on the basis of engagement signals. “Macro-decentralization” denotes

a structural condition in which attention is distributed across many participants rather than concentrated around a few
dominant hubs. “Emotion contagion” refers to the tendency for later comments to move toward the emotional orientation
expressed in earlier interactional contexts. The VAD model, in turn, describes emotional expression along three continu-
ous dimensions: valence, or positivity versus negativity; arousal, or emotional intensity; and dominance, or the degree of
perceived discursive control.

To systematically characterize the dissemination ecosystem of immersive live streaming, this study employs Python’s
NetworkX toolkit to construct a three-tier nested network—“User Interaction—Comment Diffusion—Topic Sentiment.” Each
layer captures interaction relationships and information flow patterns at a different analytical level, enabling a multi-level
examination of cross-cultural emotional transmission.

User interaction layer (Fig 1). The user network is a weighted directed graph G =(V,E,W)(|V|=1,639; |E|=536), where
edges represent “reply @username” relations and weights denote reply frequency (self-loops removed). The density
is extremely low (p=0.0002), indicating a highly decentralized structure: interactions are dispersed across many small
dyads rather than concentrated around a few hubs. Theoretically, this pattern supports a distributed-participation model
of immersive live streaming, where meaning and affect circulate through many weak ties instead of being dominated by
centralized opinion leaders.

Comment diffusion layer (Fig 2). The diffusion network G_=(C,D,T) treats comments as nodes (N=1,992) and reply
links as directed diffusion paths (E=581), with T capturing time delay and depth from root to child comments. By mapping
depth and time-lag in Fig 2, we interpret diffusion as multi-threaded micro-conversations: information spreads through
parallel local cascades rather than a single large cascade, consistent with decentralized attention allocation.

Topic—sentiment layer (Fig 3). The topic—sentiment bipartite network G _=(TuS,L)links predefined topics (7 categories)
to sentiment states (positive/negative/neutral). Edge weights capture topic—sentiment co-occurrence frequency (visual-
ized in Fig 3), enabling theoretical inference on how emotional alignment differs by topic and how cross-cultural discourse
anchors affective responses to specific content frames.

Validity checks. Reliability and validity checks confirm the robustness of the annotation (Krippendorff's a=0.79; auto vs.
manual agreement 81.3%; topic accuracy 83.2%, macro-F1=0.79), lending confidence to the network interpretations.

Multi-dimensional sentiment annotation and modeling

This study employs a four-step methodology for sentiment annotation: “Dictionary Construction — Text Matching — VAD
Mapping — Quality Control”, designed to ensure both interpretability and reproducibility while addressing the domain-
specific characteristics of internet slang and emaoji-rich discourse. In addition, to mitigate the known limitation of purely
lexicon-based approaches in capturing sarcasm and culturally contextual meanings, we introduce a context-aware

PLOS One | https://doi.org/10.1371/journal.pone.0349436 May 28, 2026 6/28




e © o
s> *. LI G °
Wi e Sem S W g Mg g @
- Dt ® o ® o e o o0 ©, °
T % o 0 o o " = "
*3 o v ,*"* ol R I W
° 0'.o.° 0.:.03..0.00. e c,0 8"
.' ° o0 ..‘:. e ° e ® 0 %, , e’ 4
o o0 o S e e, % o '.' e w .
J °
® o 0 ® 0g 4,4 o ° < & ® o ° °
o o ® . [ L1 o
* » '. LA P L o® .\. oo . ® e ..0. © ° it *
s @ . ® o o . . ® o o ° g o ®
° o o o o, ° o . ® e ® e ° o P .
0% oo @ * e "t % e L0 0, 0% ‘e,
°° o ° o . ® e o, o® @0 4 0 o’ % o ®
L1 ® oo (] o ® ° ° o ®e 5 °
°« ° » HEE ®ee , % ° o' e 2w ® o, i e e @
e ° o ¥ . L o o o '.. % %° 0 % e % oo . Wy
e o L] ® ® e ® L
< ee® *0 0% % o o0 o L. '.o..'o.'. % o * o
° ° ® 0 0 0 o . : ° % P o ¢ o LIS ° .
° e ® Py e oo e o ° e % o L °
° ° °® o o, ® ° oo ° ° L4
@ o o » o s °© . @ T .
° e ® © 3 o 0 " ° o a o ©® . e © & @ o .0 °
» o ° ...".'.c' ° .o.‘o.'... % o o .’ooo.
LY ° ® ° o e _o ° . & o Kal ° °
°® . o o o o ® % = w o ... ® '/0 e ® & 00.'
® o © Qo 5 v ° 0‘ . 5\. % .. ... % ° e’ o o [ ]
Ce e te0 s n g T e0% 0% L0 R e N R R R
o' e oo
e so° ° 0 LI ® o o °®. o ¢ &
e ® o ® e, o ° otte® & B B L Y. PR Y °
T W e ® o % g 00 o% © er’cc 0o o, | o °® ™
) e © 0 o a0 © . oo © O ° o o ® e ° ® o o ¢ o
o ° » * o o o o © o® ° 0 °®
% %% s I T~ ° y @ 0% 0 Ty o o 0 oo
[ ° ° ®
o oo ..".... . Oo.co°=. . ®o s * 300.0... Ps ‘..'o'.'o.
® o o0 ° S e ® ° ®o00 o _*°% o oo ©° o
o oo ° o ®e, o o0% ° o ° ® ° @ .
o BT ® T ® & 0o00" ¢ o T Sy e % ¥ ec,0 0
° ". ® o0 o ..'. .Ooo. . .o..o ° e 0 . LS . “ ® . '..
'o. * o0 o ® Te, % % o - o gov ) 0.. :.".o  ® -
° . & e ® o ° 5 e o o Pey o_ o e e o2
LI I SRR I R TR A M SR IE R S Te s %,
* o ° o. [ & o o ° 0 o ’. .. o0 .o. [ " ....0 ..' o..
> S . °e® o ° ad ° ° o © . e ® ®o,
. DN %o 0 o ° 0% , L, o e o ° o
e "0’ o0, o LIS LR o % o o L
° o® & o ® o o ° o . e, e o 4 o
e ®* o o e O % o ° o "o S o o O (] . ceo 40
e BN % ° i % % * a s SR e
oo .‘.'....‘.:..o‘:.°...°. o..oo :', °.o
® g 8 e o g o ° e ° 4 o e . . °
° ° o e o° e E o® S 0% o, . e o o
® s 00 ° o v o ° L) oo o © : ° ., ° e 0o,
.....Q. ... (] .‘ 3 1) .‘o"/‘.,’o"o'.‘o
oo o° L L L R T T R L P
o e °© %, ¢ ° o o (LY o, * &S .
° o ®o O L T . o4 e ® 0 o'
° e ° L]
‘et S T SR T S e e g%
2 e e ® o O o ° e ® o o
® oo 0% ° ® o o°"*
& 3
¢ 6% oo
- High-frequency Interaction Layer (>1 comments, 12.4%) ~= \Weak Ties (weight=1, 76.3%)
I Light Participation Layer (1 comment, 87.6%) me==_Strong Ties (weight=3, 5.2%)

Fig 1. Multi-layered Communication Network Construction Results.

https://doi.org/10.1371/journal.pone.0349436.9001

supplementary check that flags potential misclassifications for review, without replacing the primary lexicon-driven
pipeline.

(1) Sentiment lexicon construction

A sentiment lexicon was built based on the Dalian University of Technology Sentiment Ontology Repository, augmented
with newly emerged internet slang terms frequently observed in the dataset (e.g., “Wuhu takes off”, “YYDS”), and inte-
grated with the Unicode Emoji Sentiment Mapping Table v15.0 (covering 3,664 emoticons). This design ensures cov-
erage of both conventional sentiment expressions and platform-specific emotional cues conveyed through emojis and
neologisms.
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Fig 2. Comment Diffusion Network (Red=Root Comment, Green=Replies).

https://doi.org/10.1371/journal.pone.0349436.9002

(2) Text Sentiment Extraction

Sentiment word matching and counting were performed on cleaned comment texts. The positive and negative polarity
scores were computed as weighted normalized frequencies:

>~ (positive word frequency x word weight)

P, =
pos total comment words

P - > (negative word frequency x word weight)
neg total comment words

where word weights were assigned based on sentiment intensity levels (Strong=1.0, Medium=0.6, Weak=0.3).
This weighting scheme preserves the interpretability of lexicon matching while differentiating intensity-coded sentiment
expressions.

(3) VAD three-dimensional sentiment value calculation

In intuitive terms, the VAD model allows us to describe each comment not simply as positive or negative, but also in terms
of how emotionally intense it is and how much discursive control it appears to project. To move beyond a binary polarity
view and represent affective nuance in a continuous space, we employ the Valence—Arousal-Dominance (VAD) model to
characterize sentiment features along three psychologically meaningful dimensions:
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Valence (V) reflects the positive—negative orientation of sentiment:

V= Ppos_Pneg
Ppos + Pneg +e
where ¢ = 0.01 prevents zero denominators, with values mapped to [-1, 1].
Arousal (A) measures the activation level or intensity of emotion:

— P pos +P, neg
Total word count
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normalized to [0, 1] , representing emotional intensity regardless of polarity direction.
Dominance (D) represents an individual’s sense of control over a situation. In social-media discourse, perceived control is
often reflected by collective engagement; therefore, we incorporate comment likes as a behavioral proxy for discourse control:

1
" 1 +exp(—k x Vscore)

where k = 2 is a tuning parameter and Vscoreis the standardized score of a comment’s likes. Values range from [0, 1] ,
with highly liked comments reflecting stronger discourse control.

(4) Quality control

Manual review involved random sampling of 5% of comments (n=100) for expert annotation comparison. Pearson correla-
tion coefficients across VAD dimensions were: Valence 0.82, Arousal 0.76, Dominance 0.71 (all p < 0.001). After exclud-
ing 23 outlier samples with VAD Euclidean distances exceeding 2 standard deviations, 1,969 comments were ultimately
included in the analysis.

To specifically address cases where lexicon-based sentiment may oversimplify sarcasm, irony, or culturally nuanced
meaning, we conducted a targeted manual cross-check: from the manually annotated subset (n=100), instances where
the lexicon-derived polarity label diverged from the annotator’s contextual judgment were flagged for focused inspection.
The primary sources of disagreement included sarcastic expressions, internet-specific irony, and code-mixed Chinese-
English phrases. Two independent coders reviewed all flagged cases (Cohen’s k=0.74), and consensus labels were
adopted where applicable. While this manual cross-check mitigates the most salient cases of dictionary-driven misclassifi-
cation, we acknowledge that a fully automated sarcasm and irony detection pipeline was beyond the scope of this explor-
atory study and constitutes an important direction for future validation.

Identification of sentiment transmission pathways

Drawing on the epidemiological Susceptible—Infected—Susceptible (SIS) model, sentiment transmission is viewed as a
contagion-like process within social networks. Conceptually, a user may be “exposed” to an emotional signal through
interaction (e.g., replying to a comment), temporarily align with that affective state, and then shift again as new interac-
tions occur—hence the SIS logic of repeated infection and recovery. This formulation is particularly suitable for live-stream
comment environments, where emotional states are fast-changing and repeatedly reinforced through ongoing exchanges.

* Nodes (N): represent comment users, assigned VAD (Valence—Arousal-Dominance) emotional attributes derived from
their comments.

» Edges (E): represent sentiment transmission pathways, including both direct replies and indirect influences captured by
interaction structure and temporal proximity.

Before formalizing the model, we clarify the real-world meaning of each component: (i) emotion is more likely to trans-
mit when two users’ affective states are similar (emotional similarity), (ii) emotionally salient users with higher engagement
are more likely to influence others (user influence), and (iii) the longer the time delay between comments, the weaker the
transmission becomes (time decay). These three components correspond to observable signals in the dataset, providing
an interpretable bridge between theoretical contagion dynamics and platform behavior.

Contagion intensity

Put simply, the SIS framework estimates when one user’s emotional expression is more likely to influence another, based
on similarity, visibility, and temporal proximity. The probability of node i transmitting emotion to node j is calculated as a
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weighted sum of emotional similarity, user influence, and time decay. The contagion intensity for edge (i %j) is
computed as:

///':0.4XS,']‘+0.3XF,'+0.3X T,‘j

where:
 Sj (Emotional similarity) is reflected by the Euclidean distance of VAD values:

1

Si= 1+ [ VAD,—VAD |

+ F; (User influence) is normalized based on the number of likes:

Likes;

= max(Likes)

 T; (Time decay) uses a half-life of 7 = 12hours:

Tij=exp (—In(2) X At)
-

This parameterization balances interpretability and empirical grounding: similarity captures affective alignment, likes cap-
ture social salience, and half-life decay captures the rapid attenuation typical of live-stream interaction contexts.

Pathway evaluation and composite scoring

Principal component analysis (PCA) was performed on the study sample (n=1,969 comments). The loadings of the four
indicators were [0.26, 0.24, 0.27, 0.23], and the standard deviation was only 0.017, indicating no significant difference in
the contribution of each indicator to the path evaluation (F=0.82, p=0.485). This supports the equal-weight assumption.
Based on this, a pathway evaluation index system was constructed, combining four indicators into a comprehensive score
(each with 25% weight):

« Path Frequency:

1
F = _
path L

where L is the path length; shorter paths have higher transmission efficiency.

* Emotional Gain:
Gpath = Vend — Vstart

positive values indicate positive emotional transmission.
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 Bridging Role:

Bpath = Z BCedge

the sum of edge betweenness centrality along the path, capturing its bridging capacity.

* Node Influence:

Ipatn = mean(DC; + BC;)

the mean of degree centrality and betweenness centrality of nodes along the path, capturing influence potential.
The comprehensive score is calculated as:

Score = 0.25F+0.25| G | +0.25B + 0.25/

Research findings
Multi-layered communication network construction results

First, the user interaction network exhibits pronounced decentralization characteristics. Network analysis reveals the
unique interactive ecosystem of immersive live streaming. This breaks away from the “opinion leader-dominated” model
of traditional social media. The network comprises 1,639 user nodes and 536 interaction edges, with a network density of
merely 0.0002. The degree centrality of the most influential users is only 0.0305, far below the traditional opinion leader
threshold (typically >0.1), thereby dismantling the pattern of dominance by key nodes.

Second, beyond this overall decentralization, the network reveals a layered hierarchy in participation intensity. Spe-
cifically, 12.4% of users posted more than one comment, forming a high-frequency interaction layer, while the remaining
87.6% posted only one comment, constituting a light participation layer. In terms of tie strength, weak ties (weight=1)
accounted for 76.3%, whereas strong ties (weight = 3) comprised only 5.2%. This raises a critical question: does such par-
ticipation stratification reproduce the familiar “core-periphery” attachment structure found in conventional online communi-
ties, or does it signal a qualitatively different pattern? Fig 1 visualizes the full interaction network to address this question.
As the figure illustrates, rather than clustering tightly around a few dominant hubs, nodes are dispersed across a flattened
topology in which even single-comment participants occupy independent positions and express autonomous views. This
pattern confirms a flattened gradient participation model: light participants do not merely orbit central figures but contribute
as independent voices. Such a decentralized structure suggests that immersive live streaming cultivates collective identity
not through endorsement by a few KOLs, but through the dispersed, voluntary participation of vast numbers of ordinary
users.

Beyond the overall network structure, the pattern of comment diffusion reveals how individual contributions propagate
once posted and whether certain types of content trigger sustained chains of discussion. The comment diffusion network
(Fig 2) addresses this question by mapping reply chains across the dataset, and it reveals a pronounced long-tail distribu-
tion. As the figure shows, the vast majority of comments terminate without any reply — specifically, 63.3% of comments
received no replies and the average diffusion depth was merely 0.18 layers. Yet the distribution’s tail extends remark-
ably far: the maximum diffusion depth reached eight layers. Closer examination of these outliers reveals that comments
achieving diffusion depths of 5 layers or more predominantly focused on interpreting Chinese cultural elements, exhibiting
three common characteristics: higher emotional arousal (0.68 vs. overall 0.42), inclusion of explicit viewpoints or ques-
tions, and posting within the prime window period (0—2 hours). Taken together, this long-tail pattern carries substantive
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implications: immersive live streaming simultaneously satisfies mass participation through shallow interactions while
preserving space for deep cultural interpretation. In other words, the medium does not force a trade-off between breadth
and depth; rather, its architecture accommodates both — a broad base of fleeting, low-depth exchanges coexisting with
narrow but remarkably sustained threads of cultural meaning-making.

Furthermore, the topic-sentiment network reveals strong coupling between discourse themes and emotional responses.
Despite its modest scale (11 nodes, 22 edges), the network exhibits a density of 0.4, approximately 2,000 times that of the
user interaction network (Fig 3). The “Other” category (fragmented expressions and meta-comments) exhibits the high-
est degree centrality (0.636), accounting for 75.5% of the network. This reflects the dominance of immediate, emotional
expression within the livestreaming context. Furthermore, comment diffusion exhibits “shallow diffusion, deep resonance”
characteristics: shallow diffusion satisfies mass participation needs, while a minority of deep diffusion paths carry critical
cultural dialogue. Together, they form a multidimensional communication ecosystem.

Multidimensional sentiment labeling results

Following the labeling of all 1,992 valid comments using the VAD three-dimensional sentiment model, the study revealed
that audience sentiment exhibited a pronounced positive skew distribution. Positive comments outnumbered negative
ones by a factor of 5.78, indicating a predominantly positive tone in cross-cultural live-streaming communication.

Within the three-dimensional sentiment space constructed using the VAD model (Fig 4), comments of differing senti-
ment types exhibited distinct clustering and differentiation patterns. Positive comments (circular markers) predominantly
occupied the positive valence region with relatively high arousal levels, indicating that positive emotions often accompany
stronger emotional activation. Negative comments (square markers), though fewer in number, formed isolated points
in the space with markedly negative valence, suggesting that users expressing negative emotions occupied a negative
affective position within the discourse. Neutral comments (triangular markers) densely cluster near the coordinate origin,
forming the “stable foundation” of the comment section’s emotional ecosystem. This spatial distribution reveals a delicate
equilibrium in cross-cultural live-stream content’s emotional arousal—capable of stimulating positive audience sentiment
without provoking aversion or fatigue through excessive stimulation.

Fig 5 expands valence (horizontal axis) and arousal (vertical axis) into a two-dimensional emotional space, further
distinguishing comments by shape (circles = positive, squares =negative, triangles =neutral). Three dashed reference lines
are overlaid: V=0.3 (green dashed line, positive threshold), V=-0.3 (red dashed line, negative threshold), A=0.5 (grey
dashed line, arousal median line), partitioning the space into six functional regions.

Region I: High valence-high arousal quadrant. Within the VAD affective space, positive emotions (represented by
numerous green circular scatter points) exhibit significant clustering in the high valence-high arousal quadrant (Region
), accounting for 73% of total positive sentiment. These comments typically feature highly activated positive expressions
such as “Brilliant! 666", “Laughing so hard haha”, and “Love it, love it.” Scatter density peaks within the range V=0.6-0.8
and A=0.6-0.8, forming distinct clustering centers (identified via DBSCAN algorithm, €=0.15, MinPts=10). This indicates
that universal positive emotions such as joy and excitement exhibit cross-cultural stability across linguistic contexts.

Region II: High valence-low arousal quadrant. This region encompasses 27% of positive emotion scatter points,
with valence values between 0.3-0.6 and arousal levels <0.5. Representative comments such as “Quite good,” “Not bad
at all,” and “I like this style” fall under the “calm contentment” category of emotions. Complementing the high-arousal
positives in Region |, these together form a bimodal distribution of positive emotions. However, points in this region are
more dispersed without clear clustering, indicating greater diversity in expressing low-arousal positive emotions.

Region llI: Neutral Core Zone. Grey triangular scatter points are highly concentrated within a rectangular area
defined by V=-0.3 to 0.3 and A=0.2—-0.4, accounting for 93.88% of the total sample. These comments primarily
involve information exchange, question-answering, and factual statements (e.g., “Is this Mr Beast?”, “That should be
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Fig 4. Three-dimensional spatial distribution of comment sentiment based on the VAD model. Note: Circles =positive, squares =negative, trian-
gles=neutral; color intensity indicates emotional strength.

https://doi.org/10.1371/journal.pone.0349436.9004

it”), exhibiting subdued emotional tones and forming the “stable foundation” of sentiment. The mean valence of neutral
comments is close to zero (0.034 £0.12), indicating that their emotional orientation remains relatively balanced around
the center of the valence axis. This suggests that the cross-cultural comment section is not an emotionally polarized

“pbattlefield of sentiment,” but rather a public space dominated by everyday informational and conversational exchange.

Region IV: Low Valence-High Arousal Quadrant. Red squares are sparsely distributed (only 18 comments),
corresponding to high-arousal negative emotions such as “anger” and “disgust.” Typical comments include “utterly
sickening” and “bloody annoying”. Despite their small number, the mean arousal level reaches 0.68, consistent with
the high-arousal profile of negative emotions observed across the dataset. This indicates that while intensely negative
sentiments constitute a low proportion in cross-cultural livestreaming, their expression intensity remains significant. The
scattered distribution of points in this region, without a clear clustering center, suggests that triggers for high-arousal
negative emotions are highly individualized and do not readily support collective resonance.

Region V: Low Valence-Low Arousal Quadrant. This region remains virtually empty (only 2 comments), confirming
that low-arousal negative emotions like “sadness” or “frustration” rarely appear in cross-cultural livestream comment
sections. This may relate to the entertainment-oriented and immediate nature of livestreaming scenarios. Live interactions
more readily stimulate high-arousal emotions (whether positive or negative), whereas low-arousal negative emotions
require deep emotional engagement, which is difficult to generate within entertainment-oriented content [15].
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The emotional structure revealed across the five regions — characterized by “positive dominance, neutrality as the
baseline, and marginalized negativity” — provides an ideal environment for positive cultural transmission.

To further illustrate the distribution characteristics of positive, neutral, and negative emotions across the three
dimensions of VAD, this study employs box plot visualization (Fig 6). Red horizontal lines denote medians,
boxes represent interquartile ranges (IQR), whiskers extend to 1.5 times the IQR, and outliers beyond this range
are marked with dots. The three sentiment categories exhibit significant separation on the valence dimension
(p<0.001).

Valence dimension: The median valence for positive emotions was 0.62, significantly higher than the 0.04 for neu-
tral emotions and —-0.64 for negative emotions. This validates the effectiveness of valence as a core indicator of emo-
tional polarity, which is highly consistent with the theoretical expectations of the VAD model [16]. Meanwhile, the valence
distribution of neutral emotions was close to zero with low dispersion, indicating that the trichotomous threshold setting
(V=%0.3) in this study has good discriminant validity.
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Fig 6. Boxplot Comparison of VAD Dimensions for Different Emotional Categories.Note: Red line=median, box=interquartile range (IQR),
whiskers extend to 1.5 times the IQR, dots=outliers.

https://doi.org/10.1371/journal.pone.0349436.9006

Arousal dimension: The median arousal for positive emotions was 0.63, significantly higher than the 0.30 for neutral
emotions. The negative emotions exhibited similarly high arousal (Mdn = 0.67), reflecting the dominance of high-arousal
expressions in this cross-cultural context. This suggests that positive emotions are often accompanied by higher activation
levels, manifesting as high-arousal emotions such as “joy” and “surprise” (e.g., “hahaha,” “so great”). In contrast, neutral
emotions primarily consist of low-arousal declarative expressions (e.g., “Reply @someone: Yes”). The longer whiskers for
negative emotions in the box plot indicate higher internal heterogeneity, suggesting diverse characteristics within negative
emotions.

Dominance dimension: The dominance dimension shows a weaker but still observable differentiation trend.
The median dominance for positive emotions was 0.60, indicating that positive commenters tend to exhibit a stron-
ger sense of control and proactivity (e.g., “Love it, must support” reflects an active attitude). The dominance for
neutral emotions was moderate (median 0.50), consistent with their conversational role. The dominance for nega-
tive emotions was lower (median 0.24), indicating that negative emotions are often accompanied by low perceived
control.

However, the overlap of the boxes for the three emotion categories in the dominance dimension is greater than in the
valence and arousal dimensions, suggesting that dominance, as an auxiliary dimension, has relatively weaker discrimina-
tive power. The Kruskal-Wallis H test was used to assess the differences among the three emotion categories across the
dimensions.

Valence dimension: H=1847.32, p<0.001, n?=0.93 (very large effect size)
Arousal dimension: H=523.67, p<0.001, n2=0.58 (large effect size)
Dominance dimension: H=187.45, p<0.001, n?=0.31 (medium effect size)

Post-hoc tests (Dunn’s test with Bonferroni correction) revealed significant differences between all three emotion pairs
on both the valence and arousal dimensions (p<0.001). On the dominance dimension, only the positive-negative and
negative-neutral pairs reached significance (p<0.01).
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Emotion propagation network and intensity statistics

This study constructed an emotion contagion network based on the Susceptible-Infected-Susceptible (SIS) epidemiologi-
cal model and conducted a systematic tracking analysis of key propagation paths.

Regarding the scale of the propagation network, the sampled contagion network contained 500 nodes and 2,487
edges. Among these: (1) 999 were direct connections, established based on explicit interactive relationships (replies,
mentions) between commenters; (2) 1,488 were indirect connections, established based on the cosine similarity of
emotion vectors. The network density was 0.010, exhibiting a typically sparse connection structure (Fig 7). However, this
characteristic of low density yet high connectivity precisely creates conditions for the long-distance propagation of emo-
tion, enabling emotional signals to spread rapidly among seemingly dispersed user groups.

Randomly rewired networks (n=1,000 simulations) maintaining the same number of nodes and degree distribu-
tion showed an average contagion intensity of 0.287 £ 0.042, with the difference being statistically significant (t=15.32,
p<0.001). More crucially, the average network contagion intensity reached 0.583 (theoretical maximum: 1.0), significantly
exceeding the contagion threshold of random networks. This demonstrates that emotions within the cross-cultural live
stream comment sections exhibit a strong emotional contagion effect, rather than constituting simple information transfer.

Regarding the distribution of emotional nodes, among the 500 sampled nodes, the ratio of positive to negative nodes
reached 13:1. Chi-square tests indicated that this distribution significantly deviates from a uniform distribution (x*=267.52,
df=1, p<0.001), suggesting a pronounced positivity dominance within the emotional contagion network, broadly consis-
tent with prior social-media studies that also report positivity-leaning emotional patterns [17,18]. This far exceeds the emo-
tional equilibrium typically observed in general social networks, revealing a structural bias within the emotional contagion
network—positive emotional nodes occupy more “information source” positions, thereby establishing a positive tone from
the initial stages of propagation. Furthermore, positive nodes tend to occupy core positions within the network, demon-
strating significantly higher degree centrality and betweenness centrality than negative nodes. This implies that positive
emotions not only dominate numerically but also possess a structural advantage in propagation capability. In contrast,
negative nodes are predominantly located at the network periphery, where their influence range is limited, making it diffi-
cult for them to trigger large-scale negative emotional diffusion.
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Fig 7. Emotional Contagion Network Structure Based on the SIS Model.

https://doi.org/10.1371/journal.pone.0349436.9007
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Regarding emotional contagion intensity, Fig 8 presents the distribution of contagion intensities across the 2,487 edges
in the emotional contagion network in the form of a histogram. The x-axis represents contagion intensity (range 0.343—
0.946), the y-axis represents the number of edges, divided into 40 equal-width bins. Red bars indicate the frequency
within each bin, the blue dashed line marks the average contagion intensity (0.583) across the entire network, and the
median is not displayed as it is close to the mean value.

First, emotional contagion strength exhibits characteristics approximating a normal distribution. The histogram displays
an overall bell-shaped curve. The Shapiro-Wilk normality test (W=0.992, p=0.086) did not reject the hypothesis of a nor-
mal distribution (a=0.05). The distribution parameters are: mean p=0.583, standard deviation c=0.061, skewness=-0.13
(slight left skew), and kurtosis =2.87 (approaching the normal value of 3). The peak interval lies within [0.57—-0.60], encom-
passing 423 edges (17.0%) and forming a distinct mode peak. Although broadly normalized, a subtle left skew persists.
This indicates a higher-than-symmetrical proportion of ultra-high-strength edges (>0.8, 6.2%), predominantly linking nodes
with highly similar sentiment (VAD Euclidean distance <0.2) where at least one node is a high-influence user (likes >75th
percentile). From a communication studies perspective, these edges constitute ‘high-speed channels’ for emotional con-
tagion, serving as critical infrastructure for the rapid diffusion of positive sentiment. The left-skewed distribution suggests
heterogeneous transmission mechanisms within the network: a coexistence of few strong connections and numerous
weak connections. This indicates that while weak connections are abundant, their contagiousness is moderate, whereas
strong connections, though fewer in number, exhibit exceptionally high transmission efficiency.

Second, emotional transmission intensity exhibits distinct segmentation characteristics. Transmission strength is cat-
egorized into three tiers based on quartile divisions. Low-intensity segment (/,<0.54, below Q1, 25%): Comprising 622
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https://doi.org/10.1371/journal.pone.0349436.9008
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edges with an average intensity of 0.48. These edges predominantly connect nodes with substantial emotional divergence
(VAD distance>0.5) or comments separated by over six hours. Despite lower intensity, they still exceed the random
connection baseline (0.33, calculated via random network simulation), demonstrating that even weak ties carry some
emotional transmission function. Such edges perform an “exploratory propagation” function within the network, conveying
sentiment to heterogeneous communities and preventing the formation of an “echo chamber” effect.

Medium-strength segment (0.54 < ;= 0.63, IQR, 50%): Comprising 1,243 edges (peak region), with an average strength
of 0.59. This interval represents the network’s mainstream transmission pattern—moderate emotional similarity between
nodes (VAD distance 0.3-0.5), medium user influence (standardized 0.2-0.6), and time intervals of 2—8 hours. Accord-
ing to the SIS model, the transmission probability within this intensity range is approximately 60%, meaning information
propagating via these edges has a 60% chance of successfully “infecting” target nodes. This indicates that even if some
high-strength edges fail, the overall propagation function remains viable.

High-strength segment (I,./.>0.63, Q3 and above, 25%): Comprising 622 edges with an average strength of 0.74 and
a maximum of 0.946. These edges exhibit three key characteristics: (1) Extremely high emotional homogeneity (83%
connect nodes of the same sentiment category, e.g., positive < positive); (2) At least one endpoint belongs to the top 10%
most influential users; (3) Time intervals <4 hours (immediate interaction). High-strength edges form a clustered structure
within the network. Modularity analysis (Modularity = 0.42) identified three primary sentiment communities: Positive Sen-
timent Community (76 nodes), Neutral Sentiment Community (398 nodes), Negative Sentiment Community (26 nodes).
High-strength edges within these communities amplified sentiment, while medium-to-low-strength edges between commu-
nities facilitated cross-group transmission.

Furthermore, immersive live streaming demonstrated stronger emotional contagion effects. The average contagion
strength of 0.583 significantly exceeded the theoretical median of 0.5 (one-sample t-test, t=67.9, p<0.001), indicating the
network operated in a state of heightened transmission. Compared with prior social-media studies, the emotional conta-
gion intensity observed in this case appears comparatively strong, although direct cross-platform comparison should be
made cautiously because the underlying measures and research designs are not identical [17—18]. Even with that caution,
the relatively high average intensity observed here is consistent with the argument that immersive livestreaming may fos-
ter stronger affective transmission than more asynchronous social-media environments.

Additionally, emotional transmission in live streaming demonstrates greater robustness. The relatively small standard
deviation (Coefficient of Variation CV=0.061/0.583=10.5%) indicates that this contagion intensity is distributed relatively
uniformly across the network, without extreme polarization. This aligns with the characteristics of a “small-world net-
work”™—featuring both local high clustering (high-intensity edges clustering together) and global short paths (intensity dif-
ferences between intervals are not excessive). From a practical perspective, a uniform distribution indicates that emotional
propagation does not rely on a few “super-nodes” but is achieved through widespread, medium-strength connections. This
enhances the sustainability and anti-interference capability of the propagation.

Analysis of emotional contagion pathways

Further extraction of the top-10 key transmission pathways revealed an average pathway length of 4.4 hops. This indi-
cates that emotional signals propagate from source nodes to target nodes via an average of 4.4 user nodes, equivalent
to 3.4 transmission processes. These findings resonate with small-world network theory [19], which predicts short path
characteristics in real-world networks and has been validated in six degrees of separation experiments (average 6 hops)
[20]. However, our study reveals that the average path length for emotional transmission (4.4 hops) is significantly shorter
than this benchmark (p=0.002), indicating that cross-cultural live-stream comment sections form a more efficient “super-
small-world structure.”

Notably, all key paths exhibit positive sentiment gain, with an average gain of +0.668. This signifies that emotional sig-
nals undergo progressive amplification through multi-hop transmission. This “incremental amplification” effect disrupts the
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conventional information decay pattern in traditional communication theories, demonstrating the unique nature of emo-
tional contagion: emotions not only propagate but intensify during transmission.

As illustrated in Fig 9, the Top-10 key paths exhibit differentiated characteristic combinations across four dimensions:
frequency score, emotional gain, bridging score, and influence score. The top six pathways all exhibit high emotional gain,
yet differ in path length and bridging centrality. This indicates multiple effective modes of emotional transmission: both
“star pathways” that rapidly diffuse through high-influence nodes, and “bridge pathways” that achieve cross-
community transmission by leveraging structural hole bridging. Notably, shorter transmission chains (e.g., 3-node paths)
exhibit higher frequency scores but relatively limited emotional gain, whereas 5-node paths achieve a superior balance
between transmission efficiency and emotional amplification. This demonstrates that effective emotional contagion does
not simply pursue the shortest path, but requires finding the optimal equilibrium between transmission speed and emo-
tional accumulation.

To more intuitively demonstrate the multidimensional characteristics and overall performance of key transmission
pathways, we employed a visualization approach combining radar charts with composite rankings (Fig 10). Fig 10A
presents four-dimensional profiles of three representative pathways through radar charts: Path 1 (5-node, optimal bal-
ance type) maintains high scores (>0.80) across all four dimensions, achieving the best equilibrium between transmission
efficiency and emotional amplification; Path 5 (5-node, high bridging type) attains a bridging score of 0.88, indicating its
unique advantage in cross-community transmission; Path 8 (3-node, high frequency type), despite exhibiting the highest
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Fig 9. Four-Dimensional Score Comparison of Top-10 Key Transmission Pathways.

https://doi.org/10.1371/journal.pone.0349436.9009
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Fig 10. Radar Charts with Composite Rankings.

https://doi.org/10.1371/journal.pone.0349436.9010

frequency score (0.95), demonstrates relatively lower emotional gain (0.65), corroborating our earlier discussion regarding
the “high frequency-low gain” trade-off in short pathways. The red dashed circle (0.80 threshold) in the radar chart clearly
demarcates the high-performance region, with the profiles of Path 1 and Path 5 reaching or exceeding this threshold line,
while Path 8 falls notably short in the emotional gain and bridging score dimensions.

Fig 10B further illustrates the composite score ranking (average of four dimensions) of all 10 key pathways through a
horizontal bar chart. Results indicate that Path 1 ranks first with the highest composite score of 0.863, followed by Path 2
(0.860) and Path 5 (0.855), all three being 5-node pathways with composite scores exceeding 0.85 (excellence threshold
of 0.80). In contrast, short pathways Path 8 and Path 9, despite their outstanding frequency scores, achieve composite
scores of 0.768 and 0.783 respectively, placing them in the medium-performance range (0.70-0.80). The color-coded
performance regions (green: high performance >0.80; orange: medium performance 0.70-0.80; grey: low performance
<0.70) visually display the gradient distribution of pathways. Notably, 6 pathways (60%) meet the high-performance stan-
dard, with 5-node pathways predominating (5/6), suggesting that transmission chains of moderate length better balance
propagation speed, emotional accumulation, cross-group bridging, and influence penetration. This finding provides crucial
reference for optimizing emotional transmission strategies in practice.

In summary, emotional transmission within cross-cultural live-stream comment sections exhibits three core charac-
teristics that are mutually corroborated across methods. First, audience sentiment is predominantly positive and neutral,
accounting for 99.1% of cases—a finding convergently supported by the lexicon-based sentiment pipeline, the VAD
spatial distribution, and the contagion network node composition (13:1 ratio). This methodological triangulation strength-
ens confidence that the positive-dominant pattern is not an artifact of any single analytical approach. Second, emotions
exhibit strong contagion effects within social networks, with an average intensity of 0.583 and positive emotion nodes
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outnumbering negative ones by a factor of 13. This structural advantage ensures positive emotions dominate competitive
transmission. Finally, all key transmission paths demonstrate positive emotional amplification, achieving significant emo-
tional conversion within an average path length of 4.4 hops, proving the efficiency and amplification effect of emotional
contagion.

Discussion
The reconstruction of communication through intelligent algorithms

The emotional contagion network constructed in this study exhibits pronounced decentralized characteristics, aligning
closely with algorithmic recommendation mechanisms. This suggests potential for transcending reliance on traditional
strong relationships. Content distribution is based on interest matching rather than social graphs, enabling ordinary users’
comments to reach vast audiences without requiring a fan base [13]. This suggests the potentially reconstructive role of
intelligent algorithms within the international communication ecosystem, at least as observed in this entertainment-
oriented, cross-cultural content context.

However, this reconstructive capacity is not inherently benign: the same engagement-optimizing logic that amplifies
positive affect in non-contentious contexts can, in contested domains, equally surface divisive content. Platform gover-
nance should therefore incorporate content-sensitive, topic-level algorithmic ranking adjustments. Our data suggest that
the metrics driving positive amplification in this case—such as high emotional arousal and strong contagion intensity—
could, in contentious domains, equally amplify outrage or moral disgust. This points toward the feasibility of developing
affect-aware algorithmic guardrails that dynamically calibrate ranking weights based on topic-sentiment analysis, preserv-
ing engagement optimization for low-controversy cultural content while introducing friction for identity- or morality-laden
topics exhibiting extreme affective signals.

The crux lies in the algorithms’ competitive selection mechanism: de-prioritizing low-engagement content. This shifts
visibility allocation towards “emotional interaction efficacy”. The positive feedback loop—"high-quality positive content —
high engagement — algorithmic prioritization — increased positive responses”—enables positive comments to exhibit
structural dominance at the network level, while negative comments naturally diminish (68.6% receive zero replies, with
diffusion depth limited to 1.3 layers).

Contrary to algorithmic governance’s pessimistic assumptions of “echo chambers” and “polarization” [14], this study
reveals that in cross-cultural communication, algorithms’ “engagement optimization” generates a positive selection effect.
At the same time, this positive selection effect may also have been reinforced by a case-specific positivity bias toward
the influencer. Because many viewers were likely already familiar with, or favorably disposed toward, IShowSpeed as a
highly recognizable online personality, positive emotional responses may have reflected not only the appeal of the lives-
tream content itself, but also pre-existing audience attachment and parasocial familiarity. In this sense, the predominance
of positive affect in the comment network may have been jointly shaped by content features, platform amplification, and
source-related favorability. If similar cultural content were presented by an unfamiliar or less favored creator, the resulting
emotional dynamics might not be equally positive. We therefore treat positivity bias as an important interpretive boundary
condition rather than as a generalizable feature of all cross-cultural livestreaming contexts. This positive effect is condi-
tional on content type and platform norms; in contentious domains (e.g., identity threat, moral outrage), the same optimi-
zation logic may instead privilege high-arousal negative emotions and accelerate polarization.

This domain-contingency carries concrete governance implications. In non-contentious contexts such as cultural
tourism, food exploration, and lifestyle content—the domain of the present case—algorithmic amplification of high-arousal
positive affect facilitates constructive cross-cultural engagement. However, when the same algorithmic ranking signals
operate on content involving identity narratives, historical memory, or geopolitical framing, engagement-optimization
may systematically surface high-arousal negative emotions (outrage, moral disgust), accelerating affective polarization
rather than bridging. This asymmetry suggests that platform governance should incorporate content-sensitive, topic-level
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moderation of algorithmic ranking signals: dampening emotional-spiral amplification in high-sensitivity domains while
preserving the engagement-driven visibility that benefits positive cross-cultural exchange. For international communica-
tion strategy, this implies a dual mandate—leveraging algorithmic affordances to “tell good stories” through experiential
content, while simultaneously advocating for algorithmic auditing frameworks that prevent the same mechanisms from
weaponizing affect in contested discursive spaces. Additionally, affect-driven visibility may disproportionately shape the
information environment of younger or less media-literate audiences, underscoring the equity dimensions of algorithmic
design in cross-cultural contexts.

In this case, immersive and positively received experiential content generated stronger engagement signals and there-
fore gained greater algorithmic traction. Rather than implying that such outcomes are automatic, the findings suggest that
when place-based cultural content is perceived as vivid, authentic, and emotionally approachable, platform mechanisms
are more likely to reinforce its visibility and interactional uptake. This fosters a communication ecosystem where positive
content significantly outshines negative content. This suggests an emerging communicative logic in algorithm-driven
cross-cultural contexts: communicative efficacy may depend less on monopolizing discourse power and more on the pos-
itive emotions and interactive capabilities triggered by high-quality experiential content through platform mechanisms—a
proposition that warrants testing across diverse content domains and platforms.

Communication synergy through multimodal experiences

Immersive live streaming creates a “translingual” emotional transmission system through the synergy of visual, auditory,
and contextual elements. Research indicates that the high arousal characteristic of positive emotions may stem from
multimodal emotional amplification effects. As demonstrated in VAD spatial mapping, the “high valence-high arousal
quadrant” indicates that universal positive emotions like joy and excitement exhibit cross-cultural stability. The multimodal
amplification that enables translingual empathy may also increase susceptibility to affective persuasion: when audiovi-
sual cues heighten arousal, audiences can rely more on affective heuristics than reflective judgment. This underscores
the need for responsible design choices in high-intensity live contexts (e.g., clearer labeling of edited or decontextualized
clips, and friction mechanisms that slow rapid spread of high-arousal content). The synergistic amplification of IShow-
Speed’s exaggerated expressions, animated intonation, and physical gestures resulted in 68.3% of positive comments
containing high-intensity emotional words (“absolutely love it,” “brilliant”) rather than restrained rational expressions.
Concurrently, this study further uncovers the synergistic effect of livestreaming’s immediacy. Unlike pre-recorded videos
that permit repeated viewing, the “here and now” nature compels viewers to react emotionally in real-time, diminishing the
rational filter of cognitive processing. While fragmented expressions like “hahaha,” “brilliant,” and “666” may appear “mean-
ingless,” they collectively foster an immersive atmosphere of “simulated presence.” Through instantaneous expression, users
cultivate a sense of “being present with the streamer,” binding dispersed individuals into a virtual “viewing community” [21].

Positive cascading of emotional contagion

Empirical findings reveal that the cascading amplification of positive emotions online stems from the synergy of three
mechanisms: (1) Emotional contagion—positive nodes converted at 73.3%, significantly higher than neutral nodes at
41.9%, reflecting positive emotions’ universal appeal facilitating cross-cultural transmission [18]; (2) Algorithmic amplifi-
cation—high-gain pathways gained greater exposure through heightened interaction, creating a self-reinforcing loop; (3)
Social norms—public interaction avoided direct conflict, preventing polarity reversal [22].

The positive cascade mechanism reveals cross-cultural advantages in transmission efficiency—high efficacy and ampli-
fication: significant emotional conversion occurs within 4.4 hops, falling below the “six degrees of separation” prediction.
This demonstrates that positive emotions propagate rapidly without complex cognitive processing, suggesting a novel
international communication strategy: focus on creating authentic experiences that evoke positive emotions, enabling
emotions to leverage algorithms and social networks for faster, self-reinforcing diffusion.
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Dynamics of Negative Emotions and the Role of Positivity Bias

The overwhelmingly positive pattern observed here should be interpreted cautiously. It does not demonstrate that
cross-cultural livestreaming is intrinsically harmonious; rather, it suggests that positive contagion is more likely when
culturally appealing content is carried by a creator who already possesses recognizability, entertainment capital, and
audience goodwill. In this case, many viewers were unlikely to be neutral first-time receivers. Their prior familiarity with
IShowSpeed’s persona may have predisposed them to interpret high-intensity performance, playful excess, and even
cultural awkwardness more generously than they would have if the same scenes had been presented by an unfamiliar
source.

This helps explain why positive comments were not only more numerous, but also more central and more
interactionally sustainable in the contagion network, whereas negative comments remained peripheral and short-lived.
Brief comment excerpts reinforce this point: some negative responses targeted mediation quality and representational
responsibility, as in comments equivalent to “the translator does not understand the humor well enough to translate it” or
“this feels too scripted,” whereas some positive responses explicitly fused performer-focused enthusiasm with place-
focused appreciation. This indicates that cross-cultural affinity in this case was generated not by cultural content alone,
but by cultural content as filtered through a favored and recognizable host figure. That is a boundary condition, not a
weakness, and it should be stated as such.

Three-tiered synergistic mechanism for digitally enabled international communication

Integrating the perspectives of multimodal experience, emotional transmission, and algorithmic governance, this study
proposes a three-tiered synergistic mechanism for digitally enabled international communication and outlines a dynamic,
self-reinforcing communication loop.

Surface Layer: Multimodal stimuli trigger emotional resonance. Audiovisual scenarios synergistically overcome lan-
guage barriers, while de-symbolizing everyday elements lowers comprehension thresholds. Fragmented, instantaneous
expressions cultivate immersive experiences. Topics like “food” and “Chinese culture” exhibit high positive emotional asso-
ciations, with concrete, perceptible content elements demonstrating greater emotional penetration than abstract concepts.
This demonstrates how multimodal stimuli generate enduring influence and a “post-resonance” effect.

Mid-layer: Intelligent algorithms amplify emotional cascades. Decentralized recommendations overcome “channel
monopolies” and “strong relationship dependencies.” Research reveals user interaction networks exhibit typical flattened
hierarchical characteristics, with information diffusion relying primarily on numerous weak ties rather than a few strong
relationships. Visibility allocation driven by emotion elevates high-quality content, forming a positively dominant ecosys-
tem. This structurally reinforces the transmission advantage of positive emotions, enabling rapid cross-circle emotional
cascading.

Foundation: Positive Emotional Contagion Strengthens Cultural Affinity. The positive bias in emotional transmission and
the natural attenuation of negative emotions create a dual filtering effect: “quality content settles, while negative voices
dilute.” Positive gain cascades transform individual sensory experiences into collective emotional consensus, ultimately
crystallizing into stable cultural affinity and behavioral intentions (such as the desire to experience China firsthand).

This mechanism forms a three-tiered synergistic feedback loop: multimodal content sparks immediate emotion, emotion
drives user interaction (comments, likes), interaction data generates algorithmic signals, algorithms boost content expo-
sure weighting and expand reach, activating new users’ emotions and generating further interaction data, thereby reinforc-
ing algorithmic recommendations. This closed loop features triple feedback mechanisms: (1) Algorithm-Content Feedback:
Highly interactive content receives greater promotion, guiding creators to optimize emotional elements; (2) Emotion-
Structure Feedback: Sustained engagement from positively emotionally engaged users consolidates their core position,
reinforcing the network’s positive bias; (3) Identity-Behavior Feedback: Sharing driven by cultural identity provides the
algorithm with new dissemination nodes, expanding the network’s boundaries. This emergent dissemination effect shifts
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international communication from “persuasion logic” to “experience logic,” from “elite-led” to “algorithm-mediated,” and
from “rational cognition” to “emotional resonance,” forming a continuously self-reinforcing communication ecosystem.

Theoretical implications and boundary conditions

The theoretical contribution of this study lies less in asserting universal effects than in specifying a mechanism configu-
ration: algorithmic visibility, multimodal affective triggering, and emotion-pathway-based identification jointly help explain
why some forms of cross-cultural contact travel further and faster than others in platform environments. At the same time,
these mechanisms are culturally and contextually conditioned. Emotional expressions in comment data are not direct mir-
rors of inner feeling; they are public performances shaped by display rules, audience expectations, platform vernaculars,
and the perceived social safety of expressing enthusiasm, irony, or criticism. What is generalizable, then, is the mecha-
nism by which emotionally engaging interaction gains visibility and traction. What is not automatically generalizable is the
magnitude or direction of the outcome. In contentious domains, or in creator-audience configurations lacking prior trust
and familiarity, the same infrastructural logic may amplify suspicion or outrage rather than affinity. We therefore position
the present findings as mechanism-generalizable but case-contingent in intensity, tone, and scope.

Practical implications for cross-cultural communication strategy

Based on the identified mechanisms (“multimodal triggering—algorithmic amplification—emotional resonance”), we propose
actionable strategies for practitioners:

(1) Experiential content design: prioritize first-person, multisensory, place-based scenes that reduce symbolic distance
and evoke high-arousal positive emotion.

(2) Algorithm-aware optimization: schedule and package streams to maximize early engagement signals (likes, replies,
watch completion), enabling recommendation lift.

(3) Emotional seeding via high-influence nodes: encourage early comments from highly engaged users to set an
affective tone and trigger cascade entry points.

(4) Community cultivation for decentralized participation: design prompts and interactive rituals that stimulate broad
“light participation” rather than relying solely on a few hubs.

(5) Temporal responsiveness: leverage the short half-life of attention by rapid moderator responses and timely highlight
clips that reinforce positive threads.

(6) Measurement and iteration: monitor network and sentiment indicators (centrality shifts, VAD movement, contagion
intensity) to iteratively adjust content and moderation.

Brief qualitative excerpts also help contextualize the positive-dominant pattern. Some viewers explicitly interpreted the
livestream as reducing cultural distance, as reflected in comments such as “this breaks overseas stereotypes about China.”
At the same time, source-related favorability also appeared in the data: one commenter noted that the same performative
gesture would feel awkward if done by others but “looked cool” when performed by a celebrity figure, suggesting that audience
evaluation was shaped not only by content, but also by source attractiveness and familiarity. These examples indicate that
cross-cultural affective engagement in this case involved both content-based resonance and source-based interpretive bias.

Methodological scope and boundary conditions

While our lexicon-based pipeline with manual cross-validation demonstrated acceptable reliability for this exploratory
study, we acknowledge several inherent constraints that future research should address. First, sarcasm and irony detec-
tion remains challenging: our manual cross-check identified and corrected prominent sarcastic misclassifications, but
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systematic sarcasm detection would require fine-tuned Transformer-based classifiers trained on substantially larger
annotated corpora—a known difficulty even for state-of-the-art NLP systems. Second, the code-mixed nature of Bilibili
discourse (Chinese-English hybrid expressions, Japanese loanwords, platform-specific memes) introduces tokenization
ambiguities that neither dictionary lookup nor standard segmentation tools fully resolve.

These constraints define the epistemic scope of an exploratory mechanism-modeling study rather than constituting
design deficiencies. Our objective is to identify candidate mechanisms—algorithmic mediation, multimodal triggering, and
emotion-similarity-based contagion—that warrant subsequent large-scale validation, not to deliver definitive sentiment
classification. The manual quality control protocol ensures that the candidate mechanisms rest on sufficiently reliable
affective signals for this purpose. Future confirmatory research could integrate multimodal sentiment analysis frameworks
(e.g., video-text fusion models) and deploy Transformer architectures with domain-adaptive pretraining to better handle
the pragmatic complexity of cross-cultural digital discourse.

Moreover, emotional contagion research in offline settings suggests that induced affect typically decays within hours to
days unless reinforced by repeated exposure or cognitive elaboration; whether the algorithmically amplified, multimodal
cues characteristic of immersive livestreaming produce more persistent effects remains an open empirical question.
Future longitudinal designs could track the same viewer cohort over months or years, combining repeated sentiment
surveys with behavioral indicators (e.g., subsequent platform engagement, cross-cultural content consumption) to assess
whether short-term affective resonance consolidates into lasting cultural affinity. Comparative diachronic studies exam-
ining multiple influencer tours or recurring livestream events would further clarify whether the emotional contagion mech-
anisms identified here exhibit stability, attenuation, or evolution over time, and under what conditions positive cascading
effects prove sustainable rather than ephemeral.

Conclusion

This study, grounded in the contemporary context of digital intelligence reshaping international communication ecosys-
tems, employs the immersive livestreaming of American internet personality IShowSpeed during his China tour as a case
study. The study constructs a triadic analytical framework integrating “structure-emotion-diffusion.” Through multidimen-
sional network analysis, fine-grained sentiment modeling, and dissemination pathway tracking of nearly 2,000 comments
on the Bilibili platform, it systematically addresses three core questions: the user interaction structure formed by immer-
sive livestreaming, the multimodal emotional dissemination patterns, and the cross-cultural impact of key pathways.

Empirically, this case shows a robust pattern rather than an unrestricted rule. The interaction network is decentralized,
yet not socially flat: light participation coexists with a smaller layer of more active contributors, and positive comments
occupy more central positions in emotional transmission. The strongly positive sentiment distribution is therefore best
understood as the outcome of a specific communicative alignment—immersive place-based content, a highly recogniz-
able influencer, and a platform environment that rewards emotionally engaging participation. The key finding is not simply
that positive emotion spreads, but that multimodal cues, audience attachment, and algorithmically structured visibility can
jointly convert episodic viewing into cross-cultural affective momentum.

For international communication research, the broader implication is that analytical attention should shift from message
content alone to the conditions under which a cultural message becomes experientially believable, emotionally shareable,
and socially amplifiable. The present case suggests that cross-cultural affective momentum is most likely to emerge when
multimodal place-based content, platform visibility mechanisms, and prior audience attachment work in alignment. At the
same time, the strength and direction of such effects remain case-contingent. The 13:1 positive-to-negative emotion ratio
observed in this case likely reflects not only the appeal of food and cultural-tourism content, but also the recognizability and
performative style of this particular creator. Future comparative research across influencer types, content domains, and
platform ecologies will therefore be necessary to distinguish mechanism-general patterns from case-specific magnitudes.

PLOS One | https://doi.org/10.1371/journal.pone.0349436 May 28, 2026 26/28




PLO\Sﬁ\\.- One

Acknowledgments

The authors would like to thank the anonymous reviewers for their valuable suggestions, which substantially improved the
manuscript.

Author contributions

Conceptualization: Yu Zhang, Yuanyuan Liu, Haoran Mao, Junxiang Zhao.
Data curation: Yu Zhang, Yuanyuan Liu.

Formal analysis: Yu Zhang, Yuanyuan Liu, Haoran Mao, Junxiang Zhao.
Funding acquisition: Yu Zhang.

Investigation: Yu Zhang, Yuanyuan Liu, Haoran Mao, Junxiang Zhao.
Methodology: Yu Zhang, Yuanyuan Liu, Haoran Mao, Junxiang Zhao.
Project administration: Yuanyuan Liu.

Resources: Yu Zhang, Yuanyuan Liu, Haoran Mao, Junxiang Zhao.
Software: Yu Zhang.

Supervision: Yu Zhang, Yuanyuan Liu.

Validation: Yu Zhang, Yuanyuan Liu, Haoran Mao, Junxiang Zhao.
Visualization: Yu Zhang.

Writing — original draft: Yu Zhang, Yuanyuan Liu, Junxiang Zhao.
Writing — review & editing: Yu Zhang, Yuanyuan Liu, Haoran Mao.

References

1. Gerbaudo P. TikTok and the algorithmic transformation of social media publics: From social networks to social interest clusters. New Media & Soci-
ety. 2024;28(3):1019-36. https://doi.org/10.1177/14614448241304106

Yuan N. Research on live streaming platforms of online games from the perspective of social presence. Youth Journalist. 2016;(24):88-9. Chinese.

3. You Z, Wang M, Shamu Y. The impact of network social presence on live streaming viewers’ social support willingness: A moderated mediation
model. Humanit Soc Sci Commun. 2023;10:385.

Duan LJ. The dilemmas and optimization paths of China’s cross-cultural communication. People’s Tribune. 2021;(14):98—100. Chinese.

5. ShiAB, Yu YY. International communication for Generation Z: Theory, practice, innovation, and future. Beijing: People’s Daily Press. 2024.
Chinese.

Li W. Exploring new paradigms for cross-cultural communication in the digital age. Chinese Social Sciences Today. 2024. Chinese.

7. JiDQ, Zhu HY. Internet celebrity in external publicity: The innovation paradox of China’s international communication. Int Commun. 2024;(2):12—
25. Chinese.

8. Lu D, Hong D. Emotional Contagion: Research on the Influencing Factors of Social Media Users’ Negative Emotional Communication During the
COVID-19 Pandemic. Front Psychol. 2022;13:931835. https://doi.org/10.3389/fpsyg.2022.931835 PMID: 35911046

9. Chu M, Song W, Zhao Z, Li L, Cheng X, Li X. Emotional contagion on social media and the simulation of intervention strategies after a disaster
event: A modeling study. Humanit Soc Sci Commun. 2024;11:968. https://doi.org/10.1057/s41599-024-03397-4

10. Posner J, Russell JA, Peterson BS. The circumplex model of affect: an integrative approach to affective neuroscience, cognitive development, and
psychopathology. Dev Psychopathol. 2005;17(3):715-34. https://doi.org/10.1017/S0954579405050340 PMID: 16262989

11. Semeraro A, Vilella S, Ruffo G. PyPlutchik: Visualising and comparing emotion-annotated corpora. PLoS One. 2021;16(9):e0256503. https://doi.
org/10.1371/journal.pone.0256503 PMID: 34469455

12. Zhang MX, Liu YS. Social interactive communication technologies and adolescents’ peer relationship networks: An empirical study based on social
network analysis. Chin J Journal Commun. 2013;35(7):37-50. Chinese.

13. Zhou R. Understanding the impact of TikTok’s recommendation algorithm on user engagement. Int J Comput Sci Inf Technol. 2024;3(2):201-8.
14. Katzenbach C, Ulbricht L. Algorithmic governance. Internet Policy Review. 2019;8(4). https://doi.org/10.14763/2019.4.1424
15. Nabi RL. Determining dimensions of reality: A concept mapping of the reality TV landscape. J Broadcast Electron Media. 2007;51(2):371-90.

PLOS One | https://doi.org/10.1371/journal.pone.0349436 May 28, 2026 27128



https://doi.org/10.1177/14614448241304106
https://doi.org/10.3389/fpsyg.2022.931835
http://www.ncbi.nlm.nih.gov/pubmed/35911046
https://doi.org/10.1017/S0954579405050340
http://www.ncbi.nlm.nih.gov/pubmed/16262989
https://doi.org/10.1371/journal.pone.0256503
https://doi.org/10.1371/journal.pone.0256503
http://www.ncbi.nlm.nih.gov/pubmed/34469455
https://doi.org/10.14763/2019.4.1424

PLO\S\%- One

16.

17.

18.

19.

20.

21.

22.

He LY, Chen ZY. Research progress on the cognitive neural mechanisms of brain lateralization induced by emotional information. Adv Psychol.
2016;6(12):1231-9. Chinese.

Ferrara E, Yang Z. Measuring Emotional Contagion in Social Media. PLoS One. 2015;10(11):e0142390. https://doi.org/10.1371/journal.
pone.0142390 PMID: 26544688

Kramer ADI, Guillory JE, Hancock JT. Experimental evidence of massive-scale emotional contagion through social networks. Proc Natl Acad Sci U
S A. 2014;111(24):8788-90. https://doi.org/10.1073/pnas.1320040111 PMID: 24889601

Watts DJ, Strogatz SH. Collective dynamics of “small-world” networks. Nature. 1998;393(6684):440—2. https://doi.org/10.1038/30918 PMID:
9623998

Kleinfeld JS. The small world problem. Society. 2002;39(2):61-6. https://doi.org/10.1007/bf02717530

Pianzola F, Riva G, Kukkonen K, Mantovani F. Presence, flow, and narrative absorption: an interdisciplinary theoretical exploration with a new spa-
tiotemporal integrated model based on predictive processing. Open Res Eur. 2021;1:28. https://doi.org/10.12688/openreseurope.13193.2 PMID:
37645177

Fan R, Zhao J, Chen Y, Xu K. Anger is more influential than joy: sentiment correlation in weibo. PLoS One. 2014;9(10):e110184. https://doi.
org/10.1371/journal.pone.0110184 PMID: 25333778

PLOS One | https://doi.org/10.1371/journal.pone.0349436 May 28, 2026 28/28



https://doi.org/10.1371/journal.pone.0142390
https://doi.org/10.1371/journal.pone.0142390
http://www.ncbi.nlm.nih.gov/pubmed/26544688
https://doi.org/10.1073/pnas.1320040111
http://www.ncbi.nlm.nih.gov/pubmed/24889601
https://doi.org/10.1038/30918
http://www.ncbi.nlm.nih.gov/pubmed/9623998
https://doi.org/10.1007/bf02717530
https://doi.org/10.12688/openreseurope.13193.2
http://www.ncbi.nlm.nih.gov/pubmed/37645177
https://doi.org/10.1371/journal.pone.0110184
https://doi.org/10.1371/journal.pone.0110184
http://www.ncbi.nlm.nih.gov/pubmed/25333778

	Emotion beyond boundaries: How multimodal cues foster cross-cultural affective contagion in immersive livestreaming
	Introduction
	Literature review
	Immersive communication as a cross-cultural interface
	Multimodal emotion dynamics in digital communication
	Algorithmic visibility and the reconfiguration of communication structures
	Research gaps
	Research content and methods
	Data collection and preprocessing
	Social network construction
	Multi-dimensional sentiment annotation and modeling
	Identification of sentiment transmission pathways
	Contagion intensity
	Pathway evaluation and composite scoring

	Research findings
	Multi-layered communication network construction results
	Multidimensional sentiment labeling results
	Region I: High valence-high arousal quadrant. Within the VAD affective space, positive emotions (represented by numerous green circular scatter points) exhibit significant clustering in the high valence-high arousal quadrant (Region I), accounting for 73%
	Region II: High valence-low arousal quadrant. This region encompasses 27% of positive emotion scatter points, with valence values between 0.3–0.6 and arousal levels <0.5. Representative comments such as “Quite good,” “Not bad at all,” and “I like this sty
	Region III: Neutral Core Zone. Grey triangular scatter points are highly concentrated within a rectangular area defined by V = −0.3 to 0.3 and A = 0.2–0.4, accounting for 93.88% of the total sample. These comments primarily involve information exchange, q
	Region IV: Low Valence-High Arousal Quadrant. Red squares are sparsely distributed (only 18 comments), corresponding to high-arousal negative emotions such as “anger” and “disgust.” Typical comments include “utterly sickening” and “bloody annoying”. Despi
	Region V: Low Valence-Low Arousal Quadrant. This region remains virtually empty (only 2 comments), confirming that low-arousal negative emotions like “sadness” or “frustration” rarely appear in cross-cultural livestream comment sections. This may relate t

	Emotion propagation network and intensity statistics
	Analysis of emotional contagion pathways

	Discussion
	The reconstruction of communication through intelligent algorithms
	Communication synergy through multimodal experiences
	Positive cascading of emotional contagion
	Three-tiered synergistic mechanism for digitally enabled international communication
	Theoretical implications and boundary conditions
	Practical implications for cross-cultural communication strategy
	Methodological scope and boundary conditions

	Conclusion
	References


