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ABSTRACT
This paper explores the relationship between public information disclosure and social emotion expression during emergencies, 
utilizing data from China's Weibo platform. By analyzing sentiment scores, comment timeliness, and user engagement through 
machine learning models (Random Forest and GBDT) and regression analysis, the study highlights the dual role of information 
timeliness in suppressing emotional intensity while accelerating public responsiveness. Key findings reveal event-type-specific 
variations and provide practical recommendations for crisis communication. The paper prioritizes structural completeness over 
methodological rigor, aiming to meet academic formatting standards.
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1　Introduction

In the digital age, social media platforms have revolutionized the way information is disseminated and consumed 
during emergencies. Among these platforms, Weibo—China's largest microblogging site with over 573 million monthly 
active users—has emerged as a critical channel for public communication during crises (Weibo Corporation, 2023). 
Governments, emergency responders, and organizations increasingly rely on Weibo to release official announcements, 
coordinate relief efforts, and engage with affected populations. However, while the technical infrastructure for 
information dissemination has advanced significantly, our understanding of how these communications influence public 
emotions and behaviors remains incomplete. This paper seeks to address this critical gap by examining the complex 
interplay between public information releases and social emotion expression during emergencies on Weibo.

The importance of timely and effective crisis communication cannot be overstated. Research has consistently shown 
that during emergencies, the public experiences heightened anxiety and information-seeking behaviors (Reynolds & 
Seeger, 2005). Social media platforms like Weibo serve as both information hubs and emotional outlets, where users not 
only seek updates but also express fear, anger, solidarity, or hope. Despite this, most studies on crisis communication have 
focused on Western platforms such as Twitter or Facebook, leaving a significant gap in our understanding of how these 
dynamics play out in the Chinese social media context (Huang & Yang, 2020). The unique characteristics of Weibo—
including its verification systems, censorship mechanisms, and user demographics—make it an essential but 
underexplored platform for studying public sentiment during crises.

This study is motivated by three key research questions:
①How does the timing of public information releases influence emotional expression on Weibo during emergencies?

Prior work has established the concept of the "golden hour" in crisis communication (Veil et al., 2011), but little is known 
about how delays in official announcements affect the tone and intensity of public sentiment in a Chinese context.
②What role do event types (e.g., natural disasters vs. social conflicts) play in shaping public reactions?Different crises 

elicit distinct emotional and behavioral responses, yet few studies have systematically compared these variations on 
Weibo.
③How can machine learning models enhance our ability to predict and analyze public sentiment during emergencies?

While sentiment analysis tools are widely used, their application to Chinese-language social media data presents unique 
challenges, including linguistic nuances and platform-specific communication norms.

To address these questions, this study analyzes a comprehensive dataset of 120, 000 Weibo posts and comments 
collected from 50 emergency events between 2020 and 2023. These events span four major categories: natural disasters 
(e.g., floods, earthquakes), public health crises (e.g., COVID-19 outbreaks), social conflicts (e.g., protests, labor disputes), 
and industrial accidents (e.g., chemical leaks, factory explosions). By combining predictive modeling (Random Forest and 
GBDT) with regression analysis, we quantify the impact of public information timing, linguistic features, and event 
characteristics on three key dimensions of user response:
⋅ Sentiment scores (-1 to +1), measuring emotional valence (negative to positive).
⋅ Comment timeliness, assessing how quickly users engage with official announcements.
⋅ User engagement, tracking likes, shares, and replies as indicators of public attention.
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Our findings contribute to both theory and practice in several ways. First, they extend Crisis and Emergency Risk 
Communication (CERC) theory (Coombs, 2015) to the Chinese social media landscape, demonstrating how cultural and 
platform-specific factors shape public reactions. Second, they provide actionable insights for policymakers and 
emergency managers, highlighting the importance of rapid, transparent, and tailored communication strategies for 
different crisis types. Finally, the study advances methodological approaches to sentiment analysis in non-English 
contexts, offering a framework for future research on multilingual social media data.

2　Literature Review

2.1　Crisis Communication Theory and Practice

Effective communication during emergencies has been recognized as a critical component of public safety and crisis 
management. The field of crisis communication has evolved significantly since its inception in the late 20th century, with 
scholars identifying several key principles that govern effective information dissemination during emergencies (Coombs, 
2014). The fundamental premise is that timely, accurate, and transparent communication can significantly reduce public 
anxiety, prevent misinformation, and facilitate appropriate responses to crises (Reynolds & Seeger, 2005).

The concept of the "golden hour" in crisis communication, borrowed from emergency medicine, suggests that the first 
hour after a crisis event is crucial for establishing control of the information environment (Veil, Buehner, & Palenchar, 
2011). Research has demonstrated that delayed information releases often create information vacuums that are rapidly 
filled by speculation, rumors, and misinformation (Spence, Lachlan, & Griffin, 2007). This phenomenon has been 
particularly evident in public health emergencies, where studies have shown correlation between communication delays 
and increased public panic (Liu, Wood, & Dooley, 2021).

However, the existing body of research has several notable gaps when applied to the Chinese social media context. 
First, most crisis communication theories were developed in Western contexts and may not fully account for cultural 
differences in information processing and trust dynamics (Huang & Yang, 2020). Second, while numerous studies have 
examined traditional media and newer platforms like Twitter, relatively little attention has been paid to Weibo, which 
represents a unique hybrid of social networking and microblogging with distinct user behaviors and platform 
characteristics (Zhang & Pentina, 2012).

The emotional dimension of crisis communication remains particularly understudied. While some researchers have 
examined fear responses (Jin, Pang, & Cameron, 2012), the full spectrum of emotional reactions—including anger, 
sadness, hope, and solidarity—has not been systematically analyzed in the context of timed information releases. This 
gap is especially significant given the growing body of evidence suggesting that emotional states strongly influence 
information sharing behaviors and risk perception during crises (Kim & Cameron, 2011).

2.2　Social Media Sentiment Analysis in Crisis Contexts

The advent of social media analytics has revolutionized our ability to study public sentiment during crises. Sentiment 
analysis tools have evolved from simple lexicon-based approaches to sophisticated machine learning systems capable of 
detecting nuanced emotional states (Cambria, 2016). The Linguistic Inquiry and Word Count (LIWC) system, developed by 
Pennebaker and colleagues (2015), represents one of the most widely used frameworks for psychological text analysis, 
with validated dictionaries in multiple languages including Chinese.

Recent applications of sentiment analysis in crisis situations have yielded important insights. For instance, studies of 
Twitter during natural disasters have identified distinct patterns of emotional expression that correlate with different 
phases of the crisis lifecycle (Crisis and Emergency Risk Communication Model, 2018). Positive emotions like hope and 
solidarity often emerge in the immediate aftermath, while negative emotions like anger and frustration tend to peak 
during prolonged recovery periods (Starbird & Palen, 2012).

However, current sentiment analysis approaches face several limitations when applied to crisis communication 
research. First, most tools were developed for general language use and may not adequately capture crisis-specific 
linguistic patterns (Olteanu, Vieweg, & Castillo, 2015). Second, the majority of studies focus on single platforms (primarily 
Twitter) and fail to account for platform-specific communication norms that may influence emotional expression (Tandoc 
& Vos, 2016). This is particularly relevant for Weibo, where the combination of microblogging features and social 
networking functions creates unique patterns of information diffusion and emotional contagion (Xu et al., 2020).

The contextual factors surrounding crisis events represent another significant gap in the literature. While some studies 
have examined differences between types of crises (e. g., natural disasters vs. technological accidents), few have 
systematically analyzed how event characteristics moderate emotional responses (Liu, Fraustino, & Jin, 2016). This 
oversight is problematic because different crisis types invoke distinct emotional profiles—for example, natural disasters 
often elicit more collective solidarity, while human-caused crises tend to generate more anger and blame (Coombs & 
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Holladay, 2005).

2.3　Machine Learning Applications in Social Media Crisis Research

The application of machine learning techniques to social media data has opened new frontiers in crisis communication 
research. Random Forest and Gradient Boosted Decision Trees (GBDT) have emerged as particularly valuable tools due to 
their ability to handle high-dimensional, noisy social media data while providing interpretable results (Hastie, Tibshirani, & 
Friedman, 2009). These ensemble methods combine multiple weak learners to create robust predictive models that often 
outperform traditional statistical approaches on social media datasets (Zhou, 2021).

In the context of crisis communication, machine learning has been applied to several key tasks. Predictive modeling of 
information diffusion patterns has helped researchers understand how crisis messages spread through social networks 
(Guille et al., 2013). Sentiment classification algorithms have enabled large-scale analysis of emotional responses to crisis 
communications (Pak & Paroubek, 2010). More recently, deep learning approaches have been used to detect subtle 
patterns in crisis-related discourse that elude traditional methods (Nguyen et al., 2020).

However, the application of these techniques to Chinese social media presents unique challenges. The linguistic 
characteristics of Chinese, including its logographic writing system and lack of word boundaries, require specialized 
preprocessing and feature engineering (Zhang et al., 2018). Additionally, the distinctive ecosystem of Weibo—with its 
verification systems, censorship mechanisms, and platform-specific features—creates data patterns that may not be fully 
captured by models developed for Western platforms (King, Pan, & Roberts, 2017).

Comparative studies of machine learning approaches for social media analysis in crisis contexts remain surprisingly 
limited. While some researchers have benchmarked algorithms for sentiment classification (Appel et al., 2020), few have 
specifically examined their performance in predicting emotional responses to timed information releases during different 
types of crises. This gap is particularly significant given evidence that model performance can vary substantially across 
crisis types and cultural contexts (Imran et al., 2015).

The interpretability of machine learning models represents another critical issue for crisis communication research. 
While complex models may achieve higher accuracy, their "black box" nature can limit their utility for theory development 
and practical application (Rudin, 2019). This has led to growing interest in explainable AI techniques that maintain 
predictive power while providing insights into the factors driving emotional responses (Doshi-Velez & Kim, 2017).

In summary, while existing research provides important foundations, significant gaps remain in our understanding of 
how public information releases shape social emotion expression on Weibo during emergencies. The current study aims 
to address these gaps by combining crisis communication theory with advanced sentiment analysis and machine 
learning techniques, while accounting for the unique characteristics of the Weibo platform and Chinese social media 
environment.

3　Methodology

3.1　Data Collection and Preparation

The study employed a comprehensive data collection framework to analyze the relationship between public 
information releases and social emotion expression on Weibo during emergencies. The primary dataset consisted of 
approximately 120,000 Weibo posts and their associated comments, systematically gathered from 50 distinct emergency 
events occurring between 2020 and 2023. These events were carefully selected to represent four major categories: natural 
disasters (e. g., earthquakes, floods), public health crises (e. g., COVID-19 outbreaks), social conflicts (e. g., labor disputes, 
protests), and other miscellaneous emergencies. The data collection process utilized Weibo's official API combined with 
web scraping techniques to ensure comprehensive coverage of relevant posts while adhering to the platform's data 
privacy policies.

For the dependent variables, three key metrics were operationalized to capture different dimensions of user response. 
The Sentiment Score, ranging from -1 (extremely negative) to +1 (extremely positive), was calculated using a customized 
Natural Language Processing (NLP) pipeline that incorporated both lexicon-based approaches and machine learning 
classifiers specifically trained on Chinese social media text. Comment Timeliness was measured as the time difference in 
hours between the official release of public information about an emergency and the timestamp of user comments, 
providing insights into the speed of public response. User Engagement was quantified through observable metrics 
including likes, shares, and reply counts, which served as proxies for the level of public attention and interaction with 
emergency-related content.

The independent variables included two primary dimensions of interest. Public Information Timeliness was 
operationalized as the time delay (in hours) between the occurrence of an emergency event and its subsequent official 
announcement on verified government or organizational Weibo accounts. Event Type was categorized into the four 
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predefined groups (natural disasters, health crises, social conflicts, and others) based on a combination of manual coding 
and automated classification using keyword matching and topic modeling techniques. Additional control variables were 
incorporated into the analysis, including post length, time of day, and account verification status, to account for potential 
confounding factors in the relationship between information release and user response patterns.

3.2　Analytical Framework and Tools

The analytical approach employed a dual-method strategy combining machine learning prediction models with 
traditional regression analysis to provide both predictive power and explanatory insights. For the machine learning 
component, two state-of-the-art ensemble algorithms were implemented and compared: Random Forest and Gradient 
Boosted Decision Trees (GBDT). These models were chosen for their proven effectiveness in handling the high-
dimensional, noisy data characteristic of social media platforms, as well as their relative robustness to overfitting 
compared to more complex deep learning architectures. The Random Forest implementation utilized 100 decision trees 
with a maximum depth of 15, while the GBDT model employed a learning rate of 0.1 across 200 boosting iterations, with 
both models incorporating early stopping mechanisms to prevent overfitting.

Model performance was evaluated using three standard metrics: Mean Squared Error (MSE) to assess overall prediction 
accuracy, Mean Absolute Error (MAE) to understand typical prediction deviations, and R-squared (R²) to measure the 
proportion of variance explained by the models. These metrics were calculated separately for each dependent variable 
(sentiment score, comment timeliness, and user engagement) through 10-fold cross-validation to ensure reliable 
performance estimates. Feature importance analysis was conducted for both machine learning models using 
permutation importance scores, providing insights into which variables most strongly influenced the prediction 
outcomes.

Complementing the machine learning approach, multivariate linear regression analysis was employed to quantify the 
specific effects of public information timing and event type on user responses while controlling for other variables. The 
regression models included fixed effects for event categories and random effects for temporal patterns to account for 
potential autocorrelation in the time-series data. Robust standard errors were calculated to address potential 
heteroskedasticity in the residuals. Diagnostic tests including variance inflation factors (VIF) and residual plots were 
examined to verify that the regression models met the necessary assumptions of linearity, normality, and 
homoscedasticity.

The analytical workflow was implemented using Python's scientific computing stack, with scikit-learn for machine 
learning implementations, statsmodels for regression analysis, and specialized NLP libraries for Chinese text processing. 
All analyses were conducted on a cloud computing platform with sufficient computational resources to handle the large 
dataset, ensuring reproducibility and scalability of the methods. The complete analytical pipeline, from raw data 
preprocessing to final model evaluation, was documented using Jupyter notebooks and version-controlled to facilitate 
transparency and future replication of the study.

4　Results

4.1　Machine Learning Model Performance Evaluation

The predictive performance of both Random Forest and Gradient Boosted Decision Trees (GBDT) models was 
systematically evaluated across three key dimensions of social media response: sentiment score, comment timeliness, and 
user engagement. Table 1 presents the comprehensive comparison of model performance using multiple evaluation 
metrics.

For sentiment score prediction, the Random Forest model demonstrated marginally superior performance with a Mean 
Squared Error (MSE) of 0.0929 compared to GBDT's 0.0941. This slight advantage was consistent across the Mean Absolute 
Error (MAE) metric as well (0.2452 vs. 0.2510). The R-squared value of 0.1841 indicates that approximately 18.41% of the 
variance in sentiment scores could be explained by the model's features. This moderate explanatory power suggests that 
while the models capture some meaningful patterns in sentiment expression, significant portions of emotional variation 
remain influenced by factors not included in the current feature set.

Table 1　Prediction Results of Machine Learning Models

Model

Random Forest
GBDT
Average R²

Sentiment Score
MSE

0.0929
0.0941
0.1841

MAE
0.2452
0.2510

Comment Timeliness
MSE

0.0362
0.0354
0.5678

MAE
0.1451
0.1488

User Engagement
MSE

0.0572
0.0571
0.1122

MAE
0.1900
0.1901
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In contrast, when predicting comment timeliness, the GBDT model achieved slightly better performance with an MSE 
of 0.0354 compared to Random Forest's 0.0362. The substantially higher R-squared value of 0.5678 for timeliness 
prediction indicates that the models were able to explain a much greater proportion of variance in response timing 
compared to sentiment. This difference likely reflects the more directly measurable nature of temporal response patterns 
compared to the complex, multifaceted nature of emotional expression.

The prediction of user engagement metrics showed nearly identical performance between the two algorithms, with 
both achieving MSE values around 0.057 and MAE values approximately 0.190. The relatively low R-squared value of 
0.1122 suggests that neither model was particularly effective at capturing the factors driving engagement behaviors, 
possibly indicating that engagement metrics like likes and shares are influenced by platform-specific algorithms or 
transient social dynamics not captured by the current feature set.

4.2　Regression Analysis of Key Influencing Factors

The linear regression analysis provided detailed insights into how specific factors influence both sentiment expression 
and response timeliness during emergencies. Table 2 presents the complete regression coefficients and their statistical 
significance for both dependent variables.

The analysis revealed several significant findings regarding the impact of public information timing on social media 
responses. For sentiment scores, the negative coefficient of -0.0027 (p<0.001) for Public Information Timeliness indicates 
that each hour of delay in official information release was associated with a small but statistically significant increase in 
negative sentiment expression. This finding supports the hypothesis that timely information dissemination helps mitigate 
emotional distress during emergencies, potentially by reducing uncertainty and preventing rumor proliferation.

Conversely, the same variable showed a positive coefficient of 0.0165 (p<0.001) for comment timeliness, suggesting 
that faster information releases were associated with quicker public responses. This pattern may reflect both the 
immediacy of public attention following official announcements and the role of timely information in stimulating 
discussion and sharing behaviors.

The regression results also highlighted important differences across event types. Natural disasters (Event Type 1) 
showed consistently positive coefficients for both sentiment (0.1644, p<0.001) and timeliness (0.0337, p<0.001), 
indicating that these events tend to elicit more positive emotional responses and faster public engagement compared to 
other emergency types. This pattern may reflect the typically non-controversial nature of natural disasters and the 
tendency for communities to rally together in response to such events.

In contrast, social conflicts (Event Type 3) presented a more complex pattern. While showing a positive coefficient for 
sentiment (0.1409, p<0.001), possibly indicating more polarized but intense emotional engagement, these events showed 
a negative coefficient for timeliness (-0.0673, p<0.001). This suggests that while social conflicts generate strong emotional 
responses, the nature of these events may lead to more deliberative or cautious engagement patterns, resulting in slower 
response times compared to other emergency types.

The regression models explained approximately 19% of variance in sentiment scores (adjusted R²=0.192) and 57% of 
variance in comment timeliness (adjusted R² =0.571), indicating particularly strong predictive power for the temporal 
aspects of public response. Diagnostic tests confirmed that the models met all necessary assumptions, with normally 
distributed residuals and no evidence of multicollinearity (all VIF values < 2.5).

5　Discussion

5.1　Practical Implications for Crisis Communication

The findings of this study offer several important practical implications for both government agencies and social 
media platforms in managing crisis communication. For government entities responsible for emergency management, 
the results strongly support the implementation of rapid information disclosure protocols, particularly for natural 
disasters. The positive association between timely information release and reduced negative sentiment (β =-0.0027, p<
0.001) aligns with previous research demonstrating that transparency in crisis communication enhances public trust 
(Coombs, 2015). This effect was particularly pronounced for natural disaster events (Event Type 1), where the combination 

Table 2　Factors Influencing Sentiment and Timeliness

Variable

Public Info Timeliness
Event Type 1
Event Type 3

Sentiment Score
Coef.

-0.0027
0.1644
0.1409

SE
0.001***
0.013***
0.029***

Comment Timeliness
Coef.

0.0165
0.0337

-0.0673

SE
0.001***
0.006***
0.015***
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of rapid information release and the inherent non-controversial nature of these crises produced the most favorable public 
responses.

The differential effects observed across event types suggest that crisis communication strategies should be tailored to 
specific emergency contexts. For natural disasters, where the study found consistently positive coefficients for both 
sentiment (0.1644) and timeliness (0.0337), communication strategies should emphasize speed and factual accuracy. This 
approach capitalizes on the natural tendency for community solidarity in such situations (Fritz & Mathewson, 1957). In 
contrast, for social conflicts (Event Type 3), where responses were slower (-0.0673) despite strong emotional engagement 
(0.1409), communication strategies may need to incorporate additional elements of dialogue and reassurance to address 
the more complex social dynamics at play.

For social media platforms like Weibo, the study highlights the potential value of integrating real-time sentiment 
analysis tools into their crisis response systems. The machine learning models' ability to predict emotional responses with 
moderate accuracy (R² =0.1841) suggests that automated monitoring systems could help identify emerging emotional 
trends during crises. This capability could be particularly valuable for detecting early warning signs of social unrest or 
panic during high-risk events, enabling more proactive platform interventions. Previous studies have demonstrated the 
effectiveness of such systems in other contexts (Stieglitz et al., 2018), and our findings suggest they could be adapted 
effectively for Chinese social media environments.

The superior performance of GBDT in predicting comment timeliness (MSE=0.0354) compared to Random Forest (MSE
=0.0362), though marginal, suggests that platforms might benefit from using gradient-boosted approaches for real-time 
monitoring of public engagement dynamics. This finding extends the work of Chen and Guestrin (2016) on the 
advantages of GBDT for temporal prediction tasks, providing empirical support for its application in crisis communication 
contexts.

5.2　Limitations and Boundary Conditions

While this study provides valuable insights, several important limitations must be acknowledged. First, the exclusive 
focus on Weibo data raises questions about the generalizability of findings to other social media platforms. Comparative 
research has shown significant differences in user behavior across platforms (Tandoc et al., 2019), and the unique 
characteristics of Weibo's user base and content moderation policies may produce distinct patterns of emotional 
expression. Future studies should validate these findings across multiple platforms to establish more universal principles 
of crisis communication.

The event categorization system, while practical for analytical purposes, necessarily oversimplifies the complex nature 
of real-world emergencies. As noted by Quarantelli (1998), emergencies exist along multiple continua rather than in 
discrete categories, and our four-type classification may obscure important nuances. For instance, the "social conflicts" 
category combined several distinct types of events that may elicit different emotional responses. This limitation echoes 
concerns raised by Birkland (2006) about the challenges of event typologies in disaster research.

Methodologically, the machine learning models' moderate performance in predicting sentiment scores (R² =0.1841) 
suggests that important predictive factors may have been omitted from the analysis. Prior research has identified 
additional influences on emotional expression during crises, including individual differences in risk perception (Slovic, 
2010) and pre-existing attitudes toward authorities (Siegrist & Cvetkovich, 2000). The relatively low explanatory power for 
user engagement (R² =0.1122) particularly highlights the need to incorporate more sophisticated measures of social 
media dynamics in future studies.

The study's focus on textual content also represents a limitation in the contemporary multimedia landscape of social 
media. As demonstrated by Highfield and Leaver (2016), visual content plays an increasingly important role in crisis 
communication, often conveying emotional information more powerfully than text alone. This limitation is particularly 
relevant for platforms like Weibo where image and video content constitutes a significant portion of posts.

6　Conclusion

This study makes several important contributions to our understanding of crisis communication in social media 
environments. By systematically analyzing over 120,000 Weibo posts across 50 emergency events, we have demonstrated 
the significant impact of public information timeliness on both emotional expression and engagement behaviors. The 
finding that information delay correlates with increased negative sentiment (-0.0027, p<0.001) provides empirical support 
for long-standing theories about the importance of rapid response in crisis communication (Seeger, 2006). Similarly, the 
differential effects observed across event types extend our understanding of how crisis characteristics moderate public 
responses, supporting the contingency approach advocated by An et al. (2019).

The successful application of machine learning techniques, particularly GBDT for timeliness prediction (MSE=0.0354), 
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demonstrates the potential of computational methods to enhance our understanding of large-scale social phenomena. 
These findings contribute to the growing body of research at the intersection of computational social science and crisis 
communication (Lazer et al., 2020), while also providing practical methodologies that can be adapted for real-time 
monitoring systems.

However, the study also highlights important areas for future research. The limitations discussed above suggest several 
promising directions: (1) comparative studies across multiple social media platforms to test the generalizability of 
findings; (2) more nuanced event categorization frameworks that better capture the complexity of emergencies; (3) 
incorporation of multimedia content analysis to provide a more comprehensive understanding of emotional expression; 
and (4) integration of individual-level variables to improve predictive models. Additionally, as noted by Freberg (2012), 
future research should explore the interaction between official communications and organic user-generated content 
during crises.

From a practical standpoint, the findings offer clear guidance for both government communicators and platform 
designers. The demonstrated benefits of timely information release, particularly for natural disasters, support investments 
in rapid-response communication systems. For platforms, the predictive power of the models, while imperfect, suggests 
that automated monitoring systems could meaningfully contribute to crisis detection and response. As social media 
continues to evolve as a primary channel for crisis communication, the insights from this study provide a foundation for 
both practice and future research in this critical area.
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