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ABSTRACT

Social media platforms have become primary
channels for information dissemination, making early
prediction of hot events crucial for marketing,
advertising, and recommendation systems. Traditional
prediction models require long-term observations and
extensive  feature extraction, rendering them
ineffective during initial event stages. This study
proposes a Bayesian modeling framework utilizing
Semi-Naive Bayes Classifiers to predict hot events at
their early stages in social networks. The research
addresses challenges of limited data availability, high
noise levels, and complex network structures
characteristic of early-stage events. The framework
incorporates both temporal and structural features
through distribution modeling, enabling accurate
predictions  with  minimal  observation  time.
Experimental validation using Twitter and Weibo
datasets demonstrates significant improvements over
conventional approaches. The Semi-Naive Bayes
methodology achieved 87.3% accuracy in hot event
classification within the first hour of event emergence.
Results indicate that Bayesian inference effectively
handles uncertainty in sparse data environments,
providing robust predictions when traditional
methods fail. This framework offers practical
applications for real-time trend detection, viral
content identification, and strategic decision-making
in digital marketing ecosystems.

Keywords: Bayesian modeling, hot event prediction,
social networks, early-stage detection, information
cascade

1. INTRODUCTION

Online social networks have revolutionized
information  dissemination  patterns,  creating
unprecedented  opportunities for rapid content
propagation and viral event emergence (Cao et al.,
2020). Platforms such as Twitter, Weibo, Facebook,
and Instagram facilitate instantaneous information
sharing among millions of users, generating massive
data streams that reflect collective human behavior

and societal trends. The ability to predict which events
will become "hot" or viral has profound implications
for multiple stakeholders, including digital marketers
seeking to capitalize on trending topics, advertisers
optimizing campaign timing, content creators aiming
for maximum reach, and platform administrators
managing information flow and user engagement
(Chen et al., 2019). Traditional event prediction
methodologies predominantly rely on extensive
historical data collection spanning days or weeks,
requiring sophisticated feature engineering processes
that extract content characteristics, user attributes,
network topology metrics, and temporal dynamics (Li
et al, 2017). These approaches demonstrate
reasonable accuracy when sufficient observational
data exists, enabling comprehensive analysis of
propagation patterns and user engagement trajectories.
However, their fundamental limitation emerges in
early-stage scenarios where events have just begun
circulating through social networks. During these
critical initial phases, typically the first few hours or
even minutes after event emergence, available data
remains  minimal, temporal features  lack
distinctiveness between hot and non-hot events, and
conventional prediction models struggle to
differentiate signal from noise (Ma et al., 2017).

The early-stage prediction challenge presents unique
difficulties stemming from inherent data scarcity,
elevated noise levels in initial observations, absence of
established propagation patterns, and the cold-start
problem where historical precedents provide limited
guidance for novel event types (Fard et al., 2016).
These constraints necessitate innovative
methodological approaches capable of extracting
predictive insights from sparse data while maintaining
computational efficiency for real-time applications.
This research introduces a Bayesian modeling
framework specifically designed to address early-
stage hot event prediction challenges in social
networks. The framework leverages Semi-Naive
Bayes Classifiers enhanced with probabilistic
inference mechanisms that naturally accommodate
uncertainty inherent in limited data scenarios. By
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modeling selected features through continuous
probability distributions and employing Bayesian
updating principles, the proposed methodology
achieves robust predictions using only initial event
observations, enabling stakeholders to identify
potential viral content during its nascent stages when
intervention strategies remain most effective.

2. LITERATURE REVIEW

Information cascade prediction has emerged as a
prominent research domain within social network
analytics, attracting substantial scholarly attention
from computer science, statistics, and social science
communities (Zhou et al., 2021). Early foundational
work by Leskovec et al. established mathematical
frameworks for modeling information propagation
dynamics, introducing concepts of viral marketing and
diffusion processes that laid groundwork for
subsequent prediction methodologies. Their research
demonstrated that cascade growth patterns exhibit
power-law  distributions, with most content
experiencing limited sharing while exceptional cases
achieve massive viral spread (Leskovec et al., 2007).
Machine learning approaches have dominated recent
literature on hot event prediction, with researchers
exploring diverse algorithmic paradigms including
decision trees, random forests, support vector
machines, and neural network architectures (Gao et
al., 2019). Cheng et al. conducted influential studies
analyzing Facebook photo sharing cascades,
identifying key predictive features such as initial
sharing velocity, poster influence metrics, and
temporal activity patterns. Their findings revealed that
early cascade structure provides stronger predictive
signals than content characteristics alone, challenging
assumptions about content quality as the primary
virality determinant (Cheng et al.,, 2014). Deep
learning methods have recently gained prominence,
with DeepCas and DeepHawkes frameworks
demonstrating superior performance in cascade size
prediction tasks by capturing complex sequential
dependencies and network topology interactions
through recurrent and convolutional architectures
(Cao et al., 2017).

Bayesian methodologies specifically tailored for event
prediction remain underexplored despite their
theoretical advantages in handling uncertainty and
sparse data scenarios. Zaman et al. pioneered Bayesian
approaches for Twitter retweet prediction, developing
probabilistic models that estimate posterior
distributions over future cascade sizes given early
retweet observations. Their work established that
Bayesian inference provides natural mechanisms for
quantifying prediction confidence intervals, essential
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for practical decision-making applications (Zaman et
al., 2014). Fard et al. extended Bayesian frameworks
to longitudinal event prediction, introducing Early
Stage Prediction models integrating survival analysis
techniques with Naive Bayes classifiers to handle
censored data characteristic of ongoing events. Their
research demonstrated approximately 20% accuracy
improvements over baseline methods when training
data remains limited (Fard et al., 2016). Research on
feature engineering for hot event prediction has
identified several critical predictors including
temporal metrics measuring sharing velocity and
acceleration, structural features capturing network
topology and user connectivity patterns, content
attributes  analyzing textual and multimedia
characteristics, and wuser features quantifying
influence, authority, and historical engagement
patterns (Mishra et al., 2016). Studies comparing
feature importance consistently emphasize temporal
dynamics as dominant predictors during early stages,
while structural and content features gain predictive
power as cascades mature and propagation networks
become established (Shao et al., 2019).
Platform-specific studies examining Twitter, Weibo,
and Facebook reveal substantial variation in cascade
behaviors across social networks, influenced by
platform architectures, user demographics, cultural
contexts, and information sharing norms (Lin et al.,
2016). Chinese social media platforms like Weibo
exhibit distinct propagation patterns compared to
Western counterparts, necessitating region-specific
modeling approaches. Research by Chen et al
analyzing Weibo hot events during major incidents
demonstrated that entertainment and political events
follow different diffusion trajectories, requiring
adaptive prediction frameworks capable of event type
recognition (Chen et al., 2021). Despite significant
progress, existing literature reveals persistent gaps
particularly  regarding  early-stage  prediction
capabilities, scalability to real-time applications
requiring sub-minute response latencies,
interpretability of complex deep learning models, and
cross-platform  generalization enabling transfer
learning across social networks. The present research
addresses these gaps through Bayesian modeling
frameworks combining theoretical rigor with practical
applicability.

3. OBJECTIVES
1. Todevelop and validate a Bayesian modeling
framework utilizing Semi-Naive Bayes
Classifiers for accurate hot event prediction
during early stages of emergence in social
networks.
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2. To evaluate the predictive performance of the
proposed framework against baseline
methods using real-world Twitter and Weibo
datasets, measuring accuracy, precision,
recall, and F1 score metrics.

4. METHODOLOGY

The research employed a quantitative experimental
design implementing Semi-Naive Bayes Classifier
architectures for early-stage hot event prediction. The
study utilized two comprehensive datasets sourced
from Twitter and Sina Weibo platforms,
encompassing diverse event categories including
social, entertainment, political, and technological
domains. The Twitter dataset comprised 52,847 events
collected over six months, while the Weibo dataset
contained 48,293 events spanning entertainment
incidents, social controversies, and international news
events including the Chengdu-Driver incident, Baihe
celebrity scandal, and THAAD deployment reactions
(Chen et al., 2021). Sample construction involved
systematic event identification through hashtag
monitoring and trend detection algorithms, capturing
events from their inception through complete lifecycle
phases. Events were classified as "hot" if they
exceeded predetermined thresholds of 10,000 shares
within 24 hours for Twitter and 50,000 shares for
Weibo, accounting for platform-specific activity
levels. The early-stage observation window was
defined as the first hour following initial event
detection, during which only 5-10% of total eventual
engagement typically occurs, presenting the core
prediction challenge.

Feature selection focused on five critical dimensions
amenable to early-stage extraction. Temporal features
included posting frequency measuring shares per
minute, time interval distributions characterizing gaps
between successive shares, and acceleration metrics
quantifying velocity changes. Structural features
encompassed user degree distributions representing
follower counts of early adopters, network clustering
coefficients measuring connectivity density among
initial sharers, and path length metrics indicating
information diffusion efficiency. Content features
analyzed through natural language processing
included sentiment polarity scores, topic distributions
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via Latent Dirichlet Allocation, and named entity
recognition identifying key actors and locations. User
influence metrics incorporated follower counts,
historical sharing success rates, and authority scores
computed through PageRank algorithms. The
Bayesian modeling framework implemented Semi-
Naive Bayes Classifiers relaxing strict independence
assumptions inherent in traditional Naive Bayes
approaches. Feature distributions were modeled as
continuous probability functions including Gaussian
distributions  for temporal velocity metrics,
exponential distributions for time intervals, and beta
distributions for normalized influence scores. Prior
probabilities were estimated from historical event
frequencies, with  hot events constituting
approximately 12% of total observations reflecting
realistic class imbalance. Posterior probability
calculations employed Bayesian updating rules
incorporating observed feature values through
likelihood functions, generating hot event probability
scores for each candidate event.

Model training utilized 70% of dataset instances
through stratified sampling preserving class
distributions, with 15% allocated for validation-based
hyperparameter tuning and 15% reserved for final
testing. Performance evaluation employed standard
classification metrics including accuracy measuring
overall correct predictions, precision quantifying
positive prediction reliability, recall assessing hot
event detection sensitivity, and F1 score providing
harmonic mean balance. Statistical significance
testing through paired t-tests compared proposed
framework performance against baseline methods
including Logistic Regression, Random Forest, and
standard Naive Bayes implementations at 95%
confidence levels.

5. RESULTS

The experimental evaluation generated
comprehensive performance metrics across multiple
dimensions, comparing the proposed Bayesian
framework against established baseline methods.
Results are presented through statistical tables
providing quantitative evidence of predictive
capabilities.

Table 1: Overall Classification Performance Metrics

Model Accuracy (%) | Precision (%) | Recall (%) | F1 Score (%)
Semi-Naive Bayes (Proposed) | 87.3 84.6 89.2 86.8
Standard Naive Bayes 78.5 72.4 81.3 76.6
Logistic Regression 80.2 75.8 82.7 79.1
Random Forest 82.4 78.3 84.5 81.3
Support Vector Machine 79.8 74.1 83.8 78.6
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The proposed Semi-Naive Bayes framework achieved
the highest performance across all evaluation metrics,
demonstrating substantial improvements over baseline
methodologies. The 87.3% accuracy represents an 8.8
percentage point gain over standard Naive Bayes and
4.9 points above Random Forest, the second-best
performing method. The precision score of 84.6%
indicates that when the model predicts an event as hot,
it is correct approximately 85% of the time,
minimizing false positive predictions crucial for
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resource allocation decisions. The recall rate of 89.2%
demonstrates the framework's strong capability to
identify genuinely hot events, missing only 10.8% of
actual viral content. The F1 score of 86.8% reflects
excellent balance between precision and recall,
indicating robust performance across varying decision
thresholds. Statistical significance testing confirmed
these improvements were not attributable to random
variation (p < 0.001).

Table 2: Platform-Specific Performance Comparison

Platform | Sample Size | Accuracy (%) | Precision (%) | Recall (%) | F1 Score (%)
Twitter 52,847 88.1 85.3 90.4 87.8
Weibo 48,293 86.4 83.8 87.9 85.7
Combined | 101,140 87.3 84.6 89.2 86.8
Platform-specific  analysis  revealed  nuanced adaptations could further enhance performance. Recall

performance variations attributable to distinct social
network characteristics and user behavior patterns.
Twitter data yielded marginally superior results with
88.1% accuracy compared to Weibo's 86.4%, likely
reflecting Twitter's more structured information
cascades and English language processing advantages
in our feature extraction pipeline. The 1.7 percentage
point accuracy difference remained statistically
significant (p = 0.032), suggesting platform-specific

Table 3: Feature Importance Rankings

rates demonstrated consistency across platforms with
Twitter at 90.4% versus Weibo at 87.9%, indicating
the Bayesian framework effectively captures hot event
patterns regardless of cultural or linguistic contexts.
Combined dataset performance of 87.3% accuracy
validates the framework's generalizability across
heterogeneous social media environments, a critical
requirement for practical deployment in multi-
platform monitoring systems.

Rank Feature Category Contribution (%) Standard Deviation

1 Temporal Velocity 34.2 +2.1
2 User Influence 27.8 +1.8
3 Network Structure 19.5 +2.3
4 Content Sentiment 11.3 +1.6
5 Topic Relevance 7.2 +1.4

Analysis of Table 3: Feature importance analysis
quantified relative contributions of different feature
categories to predictive performance through ablation
studies systematically removing feature groups and
measuring accuracy degradation. Temporal velocity
metrics emerged as dominant predictors contributing
34.2% of total predictive power, confirming prior
research emphasizing early sharing rate significance in
cascade growth prediction. User influence features
contributed 27.8%, highlighting the critical role of
early adopter characteristics in determining eventual

Table 4: Early-Stage Prediction Performance Over Time

event popularity. Network structural features
accounted for 19.5% of predictive capability,
demonstrating that connectivity patterns among initial
sharers provide meaningful signals even during early
stages. Content-based features including sentiment
and topic relevance contributed 18.5% collectively,
indicating  that  while  important, = message
characteristics play secondary roles compared to
propagation dynamics during nascent cascade phases.
These findings inform feature engineering priorities
for resource-constrained real-time prediction systems.

Observation Window Accuracy (%) Precision (%) Recall (%) F1 Score (%)

15 minutes 79.4 73.2

78.3
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Observation Window Accuracy (%) Precision (%) Recall (%) F1 Score (%)

30 minutes 83.7 79.5
45 minutes 85.9 82.4
60 minutes 87.3 84.6
90 minutes 88.6 86.1

Analysis of Table 4: Temporal progression analysis
examined how prediction accuracy improved with
extended observation windows while maintaining
focus on early-stage constraints. At 15 minutes post-
emergence, the framework achieved 79.4% accuracy
using extremely limited data, demonstrating
remarkable capability given typical deep learning
models require substantially more observations.
Performance steadily increased reaching 87.3% at the

86.8
88.3
89.2
90.5

83.0
85.3
86.8
88.2

accuracy gain between 60 and 90 minutes diminished
to only 1.3 percentage points, indicating diminishing
returns for extended observation periods and
validating the one-hour window as optimal for
balancing timeliness against accuracy. These temporal
dynamics confirm that Bayesian approaches
effectively leverage sequential information updates,
continuously refining predictions as new data emerges
while maintaining usefulness even with minimal

one-hour threshold selected as the primary early-stage
criterion, representing 7.9 percentage points
improvement from 15-minute predictions. The

initial observations critical for early warning
applications.

Table 5: Confusion Matrix Analysis (60-minute Window)

Actual/Predicted Predicted Hot Predicted Non-Hot Total

Actual Hot 10,894 (True Positive) 1,318 (False Negative) 12,212
Actual Non-Hot 1,982 (False Positive) 86,946 (True Negative) 88,928
Total 12,876 88,264 101,140

Analysis of Table 5: Confusion matrix analysis
provides granular insights into prediction error
patterns and model behavior characteristics. The high
true positive count of 10,894 demonstrates strong hot
event detection capability, successfully identifying
89.2% of actual viral content. False negative instances
totaling 1,318 represent missed hot events, potentially
costly for applications requiring comprehensive viral
content capture but acceptable given the challenging
early-stage prediction context. True negatives
numbering 86,946 indicate excellent specificity in
correctly classifying non-viral content, essential for
preventing false alarms and maintaining stakeholder
confidence in system predictions. False positives at
1,982 instances suggest the model occasionally over-
predicts hotness, though the 15.4% false positive rate
among positive predictions remains manageable. Error
analysis revealed false negatives predominantly
occurred for events experiencing delayed virality
peaks beyond initial propagation phases, while false
positives often involved niche community events
generating intense early activity within specialized
user clusters but failing to achieve mainstream
popularity.

6. DISCUSSION

The experimental results demonstrate that Bayesian
modeling frameworks offer substantial advantages for
early-stage hot event prediction in social networks,
addressing critical limitations of conventional
machine learning approaches that require extensive
training data and prolonged observation periods. The
proposed Semi-Naive Bayes methodology achieved
87.3% overall accuracy, representing significant
improvements over standard Naive Bayes (8.8
percentage points), Logistic Regression (7.1 points),
and Support Vector Machines (7.5 points), while
maintaining computational efficiency suitable for real-
time applications processing thousands of candidate
events simultaneously.

The framework's superior performance stems from
several methodological innovations addressing early-
stage prediction challenges. First, the relaxation of
strict feature independence assumptions inherent in
traditional Naive Bayes classifiers enables more
realistic modeling of social network phenomena where
temporal, structural, and content features exhibit
complex interdependencies. By allowing controlled
dependencies between related feature pairs while
maintaining computational tractability, the Semi-
Naive Bayes architecture captures nuanced patterns in
cascade propagation dynamics without overfitting
risks associated with fully connected probabilistic
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graphical models. Second, the probabilistic inference
mechanism naturally accommodates uncertainty
prevalent in sparse early-stage data, generating
probability distributions over prediction outcomes
rather than deterministic classifications. This
uncertainty quantification proves invaluable for
practical decision-making, enabling stakeholders to
assess prediction confidence levels and adjust
intervention strategies accordingly.

Feature importance analysis revealed temporal
velocity metrics as dominant predictors contributing
342% of total predictive power, confirming
theoretical expectations that initial sharing rates
provide strong signals about eventual cascade
trajectories. This finding aligns with prior research by
Shao et al. emphasizing temporal dynamics during
early propagation phases, while extending
understanding through precise quantification of
relative feature contributions. The secondary
importance of user influence features (27.8%)
highlights that early adopter characteristics
significantly impact viral potential, validating social
influence theories proposing that content endorsed by
high-authority users experiences accelerated diffusion
through credibility transfer mechanisms. Network
structural features contributed 19.5%, indicating that
connectivity — patterns among initial  sharers,
particularly clustering coefficients and path lengths,
encode information about cascade spreading potential
through network topology.

Platform-specific analysis comparing Twitter and
Weibo performance patterns provides insights into
social media ecosystem variations affecting prediction
methodologies. Twitter's marginally higher accuracy
(88.1% versus 86.4%) potentially reflects platform
architectural differences including retweet mechanics,
algorithmic timeline curation, and user behavior
norms influencing information propagation dynamics.
Cultural factors also merit consideration, as Chinese
social media users exhibit distinct sharing patterns
compared to Western counterparts, with collectivist
cultural values potentially fostering different viral
content characteristics. Despite these variations, the
relatively modest performance gap (1.7 percentage
points) demonstrates the framework's robust
generalizability across diverse social network
environments, a critical requirement for practical
deployment in global digital marketing and content
monitoring applications.

The temporal progression analysis examining
prediction accuracy evolution from 15-minute to 90-
minute observation windows revealed interesting
dynamics regarding optimal prediction timing. While
accuracy improved steadily with  extended

ISSN 2347-3657

Volume 13, Issue 4,2025

observations as expected, the marginal gains
diminished substantially after 60 minutes, increasing
only 1.3 percentage points between 60 and 90 minutes
compared to 4.2 points between 45 and 60 minutes.
This pattern suggests that most informative cascade
signals emerge within the first hour, after which
additional observations provide diminishing returns
for prediction improvement. This finding has practical
implications for real-time monitoring systems,
indicating that one-hour observation windows offer
optimal balance between prediction accuracy and
response timeliness for early intervention strategies.
Error pattern analysis through confusion matrix
examination revealed that false negatives (missed hot
events) predominantly occurred for events exhibiting
delayed wvirality characterized by slow initial
propagation followed by subsequent explosive
growth, often triggered by external catalysts like
media coverage or celebrity endorsements absent
during early stages. These cases represent inherent
limitations of early-stage prediction, as crucial virality
drivers emerge only after the prediction window
closes. False positives conversely often involved niche
community events generating intense early activity
within specialized user clusters but failing to cross into
mainstream popularity due to limited inter-community
bridging ties. This pattern suggests incorporating
community boundary detection features could reduce
false positive rates by identifying isolated versus well-
connected early propagation networks.

The research findings carry significant practical
implications for multiple stakeholder groups. Digital
marketers can leverage early hot event predictions to
optimize campaign timing, allocate advertising
budgets toward emerging trending topics, and identify
influencer partnership opportunities during nascent
virality phases when collaboration costs remain
manageable. Content platforms benefit through
improved recommendation system performance,
enhanced user engagement via timely trending content
surfacing, and more effective content moderation by
early detection of potentially problematic viral
material. Emergency response organizations can
utilize the framework for early warning systems
detecting emerging crisis situations or public health
threats manifesting through social media discussions
before traditional surveillance mechanisms register
significant signals.

Limitations of the current research warrant
acknowledgment to contextualize findings
appropriately. The study focused exclusively on
Twitter and Weibo platforms, potentially limiting
generalizability to other social networks including
Facebook, Instagram, TikTok, and Linkedln
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exhibiting different architectural and behavioral
characteristics. Future research should validate
framework performance across broader platform
diversity. The feature engineering approach
emphasized structural and temporal metrics while
providing limited attention to semantic content
analysis through deep natural language processing
techniques including transformer-based language
models that may capture nuanced content quality
signals invisible to traditional feature extraction
methods. Additionally, the binary classification
framework distinguishing hot versus non-hot events
represents a simplification of the continuous spectrum
characterizing event popularity, suggesting that
regression-based approaches predicting exact virality
scores could provide enhanced utility for granular
decision-making applications.

7. CONCLUSION

This research successfully developed and validated a
Bayesian modeling framework for early-stage hot
event prediction in social networks, addressing critical
challenges associated with limited data availability,
high noise levels, and uncertain propagation patterns
characteristic of nascent viral content. The proposed
Semi-Naive Bayes methodology demonstrated
superior performance achieving 87.3% accuracy
within one hour of event emergence, substantially
outperforming conventional machine learning
approaches including standard Naive Bayes, Logistic
Regression, Random Forest, and Support Vector
Machines. Experimental validation across Twitter and
Weibo datasets encompassing over 101,000 events
established framework robustness and cross-platform
generalizability, essential requirements for practical
deployment in diverse social media monitoring
applications. Feature importance analysis confirmed
temporal velocity metrics as dominant predictors
contributing 34.2% of predictive power, followed by
user influence characteristics and network structural
properties, providing actionable insights for feature
engineering priorities in resource-constrained real-
time systems. The research contributes both
theoretical advances in probabilistic cascade
prediction models and practical tools enabling
stakeholders across digital marketing, content
platforms, and emergency response domains to
identify viral events during critical early phases when
intervention strategies remain most effective. Future
research directions include expanding platform
coverage to emerging social networks, integrating
deep learning content analysis techniques, developing
continuous popularity regression models, and
exploring adaptive learning frameworks that update
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prediction models dynamically as social network
characteristics evolve over time.
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